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TERRESTRIAL VEGETATION DYNAMICS AND 
 THEIR IMPACTS ON SURFACE CLIMATE 
CHI CHEN 
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Major Professor: Ranga B. Myneni, Professor of Earth and Environment 
 
ABSTRACT 
Vegetation controls the exchange of heat, mass and momentum between the land 
surface and the atmosphere, and is also the primary producer that sustains life on Earth. 
We combine theoretical analyses, satellite and in-situ observations, and Earth system 
model simulations in this dissertation to illustrate the key role of vegetation in the climate 
system and human society. Specifically, this is accomplished via three studies, described 
below. 
First, we address the problem of how to retrieve Leaf Area Index (LAI) and Fraction 
of Absorbed Photosynthetically Active Radiation (FPAR) from a novel satellite 
Bidirectional Reflectance Factor product derived from the Multi-Angle Implementation of 
Atmospheric Correction algorithm. The LAI/FPAR retrieval is done via a radiative transfer 
model using the recently developed theory of spectral invariants. Our analyses show that 
the LAI/FPAR data sets developed in this study have higher accuracy and better stability 
relative to the existing products, especially in cloudy conditions and under high aerosol 
loadings. 
Second, we analyze the long-term trend in LAI derived from the Moderate 
Resolution Imaging Spectroradiometer observations and identify its main driver. We find 
	
	 viii 
that over a third of the terrestrial vegetation shows statistically significant increasing trends 
in LAI (i.e., Earth greening) during the 21st century. Both remote sensing and inventory 
data show that land-use management is the key driver of this greening, arising primarily 
from large-scale tree planting and intensive agriculture in emerging countries like China 
and India. This finding highlights the need for a more realistic representation of land-use 
practices in Earth system models. 
Third, we use a new method based on the concept of “two-resistances” and the 
Community Land Model (CLM5) runs with prescribed satellite-derived LAI to quantify 
the impacts of Earth greening on land surface temperature (LST). We find that over 90% 
of the Earth greening can lead to a local cooling effect at the annual scale. Further 
attribution analysis with multiple data sources reveals that aerodynamic resistance is the 
dominant factor controlling the LST change. The greening produces a decrease in 
aerodynamic resistance, which favors increased heat dissipation by turbulent fluxes, 
including the latent heat flux. 
These studies that span LAI data production, long-term trends and their impacts 
highlight the importance of vegetation dynamics in the natural and human systems.  
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CHAPTER 1: Introduction 
1.1. Backgrounds and Research Objectives 
Over 109 million km2 of the Earth’s land surface is covered by vegetation, which 
altogether accounts for 21% of the planet’s total surface area. Terrestrial vegetation plays 
a critical role in controlling energy, water, and carbon fluxes between land and 
atmosphere through a chain of biochemical and biophysical processes (Bonan, 2008; 
Sellers et al., 1997). A crucial function of trees, shrubs, and grasses is photosynthesis –– 
they sustain life on Earth by synthesizing sugars from water and carbon dioxide (CO2) 
using the energy of sunlight and cool the surface primarily by transpiring large amounts 
of water during this process (Bonan, 2008; Sellers et al., 1997). In this dissertation, we 
aim to improve the understanding of the interactions between vegetation and the climate 
system and human society. 
1.1.1. Remote Sensing and Vegetation Greenness 
A prerequisite for global vegetation research is that we need to understand the 
state of global vegetation on a regular basis. There are two main steps to accomplish this. 
The first is to define quantitative parameters to describe the vegetation abundance. For 
example, many vegetation indices (VI) have been developed as proxies of vegetation 
aboveground biomass, or more generally, the vegetation greenness. The second is to have 
effective observation methods. We used to measure the vegetation greenness manually, 
however, it was almost impossible to conduct wall-to-wall in-situ surveys of the global 
vegetation greenness at high frequencies. Satellite remote sensing, instead, has emerged 




global scales (Frankenberg et al., 2011; Justice, Townshend, & Vermote, 2002; Y. Y. 
Liu, de Jeu, McCabe, Evans, & van Dijk, 2011; Roy et al., 2014; Tucker et al., 2010). 
The estimation of vegetation greenness from remote sensing utilizes the spectral 
information emitted or reflected by the vegetation in a variety of spectral wavelengths, 
including visible, near-infrared, solar-induced chlorophyll fluorescence, and microwave 
bands (Huete, Didan, Miura, Rodriguez, & Gao, 2002; Y. Y. Liu et al., 2011; Myneni et 
al., 2002; Y. Sun et al., 2018).  
Techniques using the information in visible and near-infrared bands are called 
optical remote sensing. Photosynthetic pigments in leaves (mainly chlorophyll and 
carotenoids) strongly absorb photosynthetically active radiation (PAR, 400–700 nm), 
particularly the red wavelengths (620–700 nm) (Tucker, 1979). In contrast, the 
absorbance by leaf constituents is small, and the scattering increases in the near-infrared 
(NIR) domain (700–1,300 nm) (Tucker, 1979). These unique spectral signatures of 
vegetation do not exist in most of the non-vegetation elements such as soil, snow/ice, and 
water (Tucker, 1979); therefore, they are the basis to derive vegetation indices (VIs) 
measuring vegetation greenness, including Leaf Area Index (LAI), Fraction of 
Photosynthetically Active Radiation (FPAR), Normalized Difference Vegetation Index 
(NDVI) and Enhanced Vegetation Index (EVI) (Huete et al., 2002; Justice et al., 2002; 
Myneni et al., 2002; Roy et al., 2014; Tucker et al., 2010). 
1.1.2. Retrieving LAI 
This dissertation focuses on LAI as the primary VI. LAI can be retrieved from 




area in broadleaf canopies and as the projected needle leaf area in coniferous canopies 
(Myneni et al., 2002). It is measurable and thus verifiable in the field, which is the most 
significant advantage compared to the other spectral VIs. According to a recent study, 
averaged from nearly two-decade satellite records, the world’s total leaf area varies 
seasonally from 132 (in January) to 232 (in July) million km2, which results in an annual 
average LAI of 1.57 (C. Chen et al., 2019a). 
Retrieving LAI from satellite observations is challenging. Accurately retrieving of 
LAI is important to calculate reliable trends and to characterize the vegetation dynamics. 
The first challenge is to develop a globally reliable and efficient algorithm to retrieve LAI 
from satellite surface reflectance (SR, interchangeable with Bidirectional Reflectance 
Factor, BRF). Conceptually, there are two categories of these algorithms: (a) Empirical 
approaches (Asrar, Kanemasu, & Yoshida, 1985; Xiao et al., 2016; Zhu et al., 2013) and 
(b) Physical model-based approaches (Knyazikhin, Martonchik, Diner, Myneni, 
Verstraete, Pinty, et al., 1998a; Knyazikhin, Martonchik, Myneni, Diner, & Running, 
1998b; X. Li & Strahler, 1992). The empirical approaches are computationally efficient 
but their retrievals are case-specific by time, locations, and species that strongly rely on 
prior knowledge (Fang, Baret, Plummer, & Schaepman-Strub, 2019); while the physical 
model-based approaches provide stable solutions across time, locations, and species, but 
are relatively computationally expensive (Fang et al., 2019). 
Another challenge arises from the pre-processing of the satellite signal. 
Corruptions of the optical remote sensing signals are common due to contaminations by 




2015; C. Chen et al., 2019a; Hilker et al., 2015; Morton et al., 2014; Park et al., 2016; 
Saleska, Didan, Huete, & da Rocha, 2007; Saleska et al., 2016; Samanta et al., 2010; F. 
Tian et al., 2015; Zhou et al., 2001). In addition, artifacts are evident in numerous 
satellite products, due to loss of sensor calibration, orbital drift of satellites, disjointed 
stitching of data from multiple sequential sensors, and harmonization of the signal from 
different sensors (C. Chen et al., 2019a; C. Jiang et al., 2017; Y. Liu, Liu, & Chen, 2012; 
Lyapustin et al., 2014; F. Tian et al., 2015; Xiao, Liang, Wang, & Jiang, 2016; Yulong 
Zhang, Song, Band, Sun, & Li, 2017b). 
In this dissertation, we use the MODIS (Moderate Resolution Imaging 
Spectroradiometer) LAI algorithm, which is based on the radiative transfer (RT) theory 
and belongs to the second category of algorithm. The MODIS LAI algorithm also 
produces FPAR as a byproduct. This algorithm uses a Look-Up-Table (LUT) approach to 
reduce the computation time (Knyazikhin, Martonchik, Diner, Myneni, Verstraete, Pinty, 
et al., 1998a; Knyazikhin, Martonchik, Myneni, Diner, & Running, 1998b). In addition, 
using the RT equation to estimate LAI from red and NIR SR is an ill-posed problem 
(Tan, Hu, Zhang, Huang, & Shabanov, 2005b; Tikhonov, Goncharsky, Stepanov, & 
Yagola, 2013). That is, the information and other ancillary data we get from the satellite 
SR are not sufficient to yield a unique solution for LAI. This is because different 
combinations of LAI, vegetation canopy structure, and background soil properties can 
result in the same set of SRs. Therefore, the algorithm not only takes account of the 
uncertainties in SR, but also calculates a weighted average of all possible solutions, 




on this algorithm, a novel MODIS SR data, derived by the Multi-Angle Implementation 
of Atmospheric Correction (MAIAC) algorithm, is used to retrieve LAI in this 
dissertation. This can directly reduce the uncertainties in the input SR (Lyapustin et al., 
2012; Lyapustin, Martonchik, Wang, Laszlo, & Korkin, 2011a; Lyapustin, Wang, Laszlo, 
Kahn, Korkin, Remer, et al., 2011b). 
1.1.3. Dynamics of LAI and Its Drivers 
After knowing the vegetation greenness, naturally, the next question is whether 
the vegetation has greening or browning trends. It has been repeatedly reported that since 
the 1980s,  satellites have observed that the Earth is greening (Myneni, Keeling, Tucker, 
Asrar, & Nemani, 1997; Park et al., 2016; Xu et al., 2013; Zhou et al., 2001). However, 
due to the uncertainties in satellite-derived vegetation greenness products, there is also an 
ongoing debate on whether the observed Earth greening is an artifact (C. Jiang et al., 
2017; Yulong Zhang et al., 2017b). Therefore, to resolve this debate, it is important to 
conduct trend analysis based on a high-quality satellite vegetation greenness product. 
This can be achieved by refining the MODIS LAI retrievals, as it is the first satellite 
product to provide comprehensive quality flags. These quality flags provide relevant 
algorithm quality information and the observation conditions of input data. 
Several factors are identified as causes of the recent trends in vegetation 
greenness, including rising atmospheric CO2 concentrations, climate change, nitrogen 
deposition (Myneni et al., 1997; Park et al., 2016; Xu et al., 2013; Zhou et al., 2001; Zhu 
et al., 2017; 2016). However, these previous studies mainly used statistical analyses 




Earth System Models (ESMs) (Friedlingstein et al., 2014; Mao et al., 2016; Piao et al., 
2015; Zhu et al., 2016) to investigate the interplays between vegetation dynamics and 
their driving factors. In fact, the effects of higher CO2 concentrations on vegetation 
growth, outside of experimental conditions, are poorly understood and thus the models 
differ widely in their simulations (McMurtrie et al., 2008; Piao et al., 2015; Wenzel, Cox, 
Eyring, & Friedlingstein, 2016). More importantly, these studies and models usually do 
not sufficiently consider human land-use management. Therefore, the role of human 
land-use management is overlooked (C. Chen et al., 2019a; Piao et al., 2019). Over the 
past few decades, the world’s population grows, especially in developing countries like 
China and India. Therefore, it raises the question of the role of human land-use/land-
cover change in shaping the trends of vegetation greenness. 
1.1.4. Impacts of Vegetation Dynamics on Surface Climate 
Changes in vegetation greenness (e.g., LAI) can affect the surface climate by 
altering the energy, hydrologic, and carbon cycles (Bonan, 2008; Sellers et al., 1997). For 
example, vegetation controls surface biophysical factors such as albedo, aerodynamic 
resistance and surface resistance (Brutsaert, 2005; Garratt, 1994; Jarvis & McNaughton, 
1986; Kala et al., 2014; Sellers et al., 1997; Stewart, 1988; Stull, 1988). The albedo 
measures the fraction of solar radiation reflected by the surface; the aerodynamic 
resistance regulates the efficiency of the turbulent transport of heat and water vapor 
between the land and air; the surface resistance is the additional resistance to water vapor 
during its transport through the pores on leaves (stomata) or in the soil: higher biomass 




affect the land surface temperature (LST). Rising LST has multiple impacts on the 
intensity of urban heat island, human mortality during heat waves (D. Li & Bou-Zeid, 
2013; D. Li et al., 2019), ecosystem carbon uptake (Keenan et al., 2016), and crop yields 
(Davis, Chhatre, Rao, Singh, & DeFries, 2019; Zhao et al., 2017). Therefore, it is critical 
to assess the biophysical regulators of LST associated with vegetation. 
Despite their importance, the biophysical impacts of vegetation changes and their 
magnitudes have not been properly quantified. The observed change in LST is the 
combined effect of changes in surface properties and atmospheric conditions (e.g., rising 
LST due to reduced cloud cover and increased greenhouse gas concentrations) (Liao, 
Rigden, & Li, 2018; P. Wang, Li, Liao, Rigden, & Wang, 2019; Z. Zeng et al., 2017). In 
addition, both changes in LAI and climate can change the surface properties, i.e., albedo, 
aerodynamic resistance and surface resistance. Therefore, it is difficult to isolate the 
vegetation biophysical impacts on LST from the influence of large-scale climate change 
based on direct observations (Yue Li, Zeng, Huang, Lian, & Piao, 2018b). ESM 
simulations could be an alternative to assess this impact, but they differ widely in their 
prediction of the land’s biophysical processes (F M Woldemeskel, 2016; Forzieri, 
Duveiller, Georgievski, Li, Robertson, et al., 2018b; Knutti, 2012) due to large 
uncertainties in land-atmosphere coupling (Bonan, 2008). Therefore, it remains 
controversial whether vegetation greenness change is a response to, or actively 
contributes to, the regional warming (Alkama & Cescatti, 2016; L. Chen & Dirmeyer, 
2020; Duveiller, Hooker, & Cescatti, 2018; Forzieri, Alkama, Miralles, & Cescatti, 2017; 




2014; Z. Zeng et al., 2017; 2018). Also, studies disagree as to which biophysical factor 
contributes most to the vegetation biophysical impacts on LST (Lee et al., 2011; Liao et 
al., 2018; Winckler, Reick, Bright, & Pongratz, 2019; Z. Zeng et al., 2017). Therefore, 
this dissertation aims to tackle these problems by building an attribution model. That is, 
we quantify the impact of vegetation dynamics on LST using a novel mathematical 
model (called Two-Resistance Mechanism Method (Rigden & Li, 2017)) that can 
separate the contributions from various factors. 
1.2.Structure of Dissertation 
The overall goal of this dissertation is to provide a comprehensive understanding 
of the vegetation dynamics and their interaction with surface climate and human society 
based on satellite remote sensing and ESM simulations since the 2000s. This dissertation 
is organized as follows: 
• Chapter 2 focuses on the retrieval and validation of LAI based on RT theory. 
• Chapter 3 examines the long-term trend of global LAI and identifies its 
drivers. 
• Chapter 4 quantifies the impact of LAI dynamics on LST and identifies the 
dominant biophysical factor that controls the LST change. 
• Chapter 5 summarizes all chapters and discusses potential future research 
directions. 
A brief synopsis of these core chapters through 2 to 4 is summarized as follows: 
Chapter 2: Prototyping of LAI and FPAR Retrievals from MODIS Multi-Angle 




retrieval of LAI and FPAR based on a newly developed SR called MAIAC. MAIAC SR 
corrects for the atmospheric effects which are generated based on the radiative transfer 
theory and spatiotemporal imagery processing techniques. In addition, it provides a more 
accurate, less conservative cloud mask, which increases the number of clear-sky scenes. 
The first part of this chapter analyzes the inputs (i.e., MAIAC SR) of the LAI and FPAR 
retrieval algorithm. The second part of this chapter presents the calibration of the Look-
Up Table of the LAI/FPAR retrieval algorithm for MAIAC SR with benchmark 
LAI/FPAR. The calibration is based on the spectral invariant theory, which allows the 
separation of the structural and radiometric components of the modeled reflectance and 
transmittance. The third part of this chapter evaluates the LAI/FPAR retrieval estimated 
by the calibrated algorithm. Lastly, the new LAI/FPAR retrievals are compared with the 
MODIS standard LAI/FPAR products and validated against the ground measured 
LAI/FPAR. 
Chapter 3: China and India Lead in Greening of the World through Land-use 
Management. This chapter aims to assess whether the Earth has been greening or 
browning since 2000. Besides, it identifies the main drivers of the greening during this 
period. A global data set of MODIS LAI has been refined to minimize the effects of 
clouds, aerosols, snow and/or ice. In addition, to further evaluate the reliability of the 
results from MODIS LAI, another global data set of LAI derived from Advanced Very 
High Resolution Radiometer (AVHRR) has been created by using Artificial Neural 
Network (ANN) trained by the climatology of AVHRR NDVI and MODIS LAI. Then, 




the LAI trend, we analyze the net change of leaf area by region, by biome, climate, and 
country. The drivers of the greening/browning are also discussed, with an emphasis on 
human land-use management. Multiple data sets such as vegetation continuous field (e.g., 
tree cover, non-tree vegetation), forestry inventory, and agriculture statistics are 
employed to interpret and attribute the observed LAI trends. 
Chapter 4: Biophysical impacts of Earth greening largely controlled by 
aerodynamic resistance. The objective of this chapter is to quantify the direct biophysical 
impact of Earth greening on local LST. The central problem is to separate the impact of 
Earth greening on LST from those of large-scale climate change, e.g., rising air 
temperature. We develop a novel analytical attribution method called the Two-Resistance 
Method (TRM) to disentangle the contributions of different biophysical factors to 
changes in LST based on remote sensing data and Community Land Model (CLM5) 
simulations. The TRM method is constrained by the land surface energy budget equation 
(D. Li et al., 2019; Liao et al., 2018; Rigden & Li, 2017), and provides an opportunity to 
compute the sensitivities of LST to biophysical factors analytically. CLM5 simulations 
further provides a way to approximate the sensitivities of biophysical factors to LAI. By 
connecting the sensitivities of LST to biophysical factors and sensitivities of biophysical 
factors to LAI, the impacts of Earth greening on LST can be explicitly estimated. 
Moreover, this chapter identifies the primary biophysical factor that controls the impact 
of LAI on LST and discusses the related biophysical mechanisms in depth. The results 




including CLM5, reanalysis data, and fully-coupled simulations from the Coupled Model 




CHAPTER 2: Prototyping of LAI and FPAR Retrievals from MODIS Multi-Angle 
Implementation of Atmospheric Correction (MAIAC) Data 
This chapter has been published: Chen, C., Knyazikhin, Y., Park, T., Yan, K., 
Lyapustin, A., Wang, Y., et al. (2017). Prototyping of LAI and FPAR Retrievals from 
MODIS Multi-Angle Implementation of Atmospheric Correction (MAIAC) Data. Remote 
Sensing, 9(4), 370–17. http://doi.org/10.3390/rs9040370 
2.1. Introduction 
MODIS is a key instrument onboard NASA’s Earth Observing System (EOS) 
Terra and Aqua satellites, which were launched in December 1999 and May 2002, 
respectively (Justice et al., 2002). The MODIS standard products include leaf area index 
(LAI) and the fraction of photosynthetically active radiation (FPAR, 400 nm–700 nm) 
absorbed by vegetation (Myneni, Knyazikhin, & Park, 2015a; 2015b; K. Yan, Park, Yan, 
Chen, et al., 2016a; K. Yan, Park, Yan, Liu, et al., 2016b), which are being operationally 
produced from the Terra and Aqua Bidirectional Reflectance Factor (BRF). LAI and 
FPAR are key parameters in modeling the circulation of energy, water, and carbon 
between the land, atmosphere, and ecosystems (Sellers et al., 1997). 
The MODIS science team has developed, and plans to release, a new version of 
the BRF product, called MAIAC, from Terra and Aqua MODIS observations (Lyapustin 
et al., 2012; Lyapustin, Martonchik, Wang, Laszlo, & Korkin, 2011a; Lyapustin, Wang, 
Laszlo, Kahn, Korkin, Remer, et al., 2011b). Both the standard and MAIAC BRFs are 
derived from data acquired by the same instrument (Lyapustin et al., 2012; Vermote, 




orbit data for atmosphere effects. Ideally, LAI and FPAR datasets derived from the 
MAIAC data using the MODIS LAI/FPAR operational algorithm should compare well 
with the standard MODIS LAI product. The retrievals, however, can disagree because 
uncertainties in the BRF products are different. The algorithm must be calibrated using 
information on uncertainties in inputs before its use in operational data processing. The 
aim of this paper is to calibrate the MODIS LAI/FPAR operational algorithm for use with 
MAIAC data, generate LAI and FPAR datasets, and analyze the retrievals for spatial 
coverage, accuracy, and consistency with the standard MODIS LAI and FPAR products. 
The chapter is organized as follows: A description of the MODIS LAI/FPAR 
algorithm, its inputs, and validation sites are presented in Section 2.2. Analyses of 
standard and MAIAC BRFs, LAI fields retrieved from the BRFs, and algorithm 
calibration are discussed in Section 2.3. The calibrated algorithm was applied to generate 
LAI and FPAR from the MAIAC BRF over selected regions. The retrievals are analyzed 
in Section 2.4. Finally, Section 2.5 summarizes the results. 
2.2. Materials 
2.2.1. MODIS LAI/FPAR Algorithm 
The operational MODIS LAI/FPAR algorithm ingests BRF in the red NIR 
spectral bands, their uncertainties, sun-sensor geometry, and biome classification map 
and retrieves the LAI/FPAR for each MODIS pixel (Knyazikhin, Glassy, Privette, Tian, 
& Lotsch, 1999; Knyazikhin, Martonchik, Myneni, Diner, & Running, 1998b; Myneni et 
al., 2002; K. Yan, Park, Yan, Chen, et al., 2016a; K. Yan, Park, Yan, Liu, et al., 2016b). 




transfer equation, and the backup algorithm, which uses empirical relationships between 
NDVI and LAI/FPAR. The main algorithm compares the observed spectral BRF with 
those evaluated from the model-based entries stored in a LUT for a suite of canopy 
structures and soil patterns that represent an expected range of typical conditions for a 
given biome type. All canopy/soil patterns for which modeled and observed BRFs differ 
within a specified uncertainty level are considered as acceptable solutions. The mean 
values of LAI and FPAR and their dispersions are reported as retrievals and their 
uncertainties. When this method fails to localize a solution, the backup method is utilized.  
Analyses of the MODIS LAI/FPAR algorithm performance indicate that best 
quality, high-precision retrievals are obtained from the main algorithm (Wenze Yang, Bin 
Tan, et al., 2006a; Wenze Yang, Dong Huang, et al., 2006b; K. Yan, Park, Yan, Chen, et 
al., 2016a; K. Yan, Park, Yan, Liu, et al., 2016b). In the case of dense canopies, the 
reflectances saturate and, therefore, are weakly sensitive to changes in canopy properties. 
The reliability of parameters retrieved under the condition of saturation is lower than that 
generated by the main algorithm using unsaturated BRF (Myneni et al., 2002). Such 
retrievals are flagged. The algorithm path, therefore, is the key quality assessment (QA) 
flag that provides information about the overall quality of the LAI/FPAR. It includes four 
values (from highest to lowest quality): the main algorithm without saturation, the main 
algorithm with saturation, the backup algorithm due to sun-sensor geometry, and the 
backup algorithm due to other reasons. The QA variables also provide information about 
the cloud state, aerosol load, and the presence of snow, which are inherited from the 




The daily retrievals are composited over an 8-day period by selecting the LAI and 
FPAR pair corresponding to the maximum FPAR value generated by the main algorithm. 
The backup algorithm retrievals are selected only when no main algorithm retrievals are 
available during the 8-day compositing period. The 8-day composited LAI/FPAR product 
is distributed to the public from the NASA EOSDIS Land Processes Distributed Active 
Archive Center (LP DAAC) (Myneni, Knyazikhin, & Park, 2015a; 2015b). 
2.2.2. MODIS Biome Classification Map  
A biome classification map is an important input for the LAI/FPAR retrieval 
algorithm. It reduces the number of unknowns of the inverse problem through the use of 
simplifying assumptions (e.g., leaf normal orientation) and standard constants (e.g., leaf 
albedo, patterns of ground reflectance) that are assumed to vary with the biome 
(Knyazikhin et al., 1999; Knyazikhin, Martonchik, Myneni, Diner, & Running, 1998b; 
Myneni et al., 2002). The biome map utilized in the Collection 6 (C6) MODIS 
LAI/FPAR algorithm is used in our study (K. Yan, Park, Yan, Chen, et al., 2016a; K. 
Yan, Park, Yan, Liu, et al., 2016b). It stratifies the global vegetation into eight 
architectural types, or biomes: grasses/cereal crops (Biome 1), shrubs (Biome 2), 
broadleaf crops (Biome 3), savannas (Biome 4), evergreen broadleaf forests (Biome 5), 
deciduous broadleaf forests (Biome 6), evergreen needleleaf forests (Biome 7), and 
deciduous needleleaf forests (Biome 8). 
2.2.3. MAIAC and MOD09GA BRF 
Daily Terra MAIAC BRF (Lyapustin et al., 2012) and standard C6 MODIS BRF, 




sinusoidal grids. The globe is tiled into 36 horizontal tiles along the east-west, and 18 
vertical tiles along the north-south axes. Each tile is identified by its horizontal (h) and 
vertical (v) coordinates, e.g., h10v05. Both products provide sun-sensor geometry. In 
addition, QA variables accompanying the products provide information about the overall 
retrieval quality and observation conditions. The MAIAC retrieval approach combines a 
new set of algorithms, which utilizes the radiative transfer theory and spatiotemporal 
imagery processing techniques to retrieve aerosols and correct observations for 
atmosphere effects. This technique improves the accuracy and stability of the surface 
spectral BRF over regions with thick clouds, snow, and water, e.g., over tropical regions 
(Lyapustin et al., 2012; Lyapustin, Martonchik, Wang, Laszlo, & Korkin, 2011a; 
Lyapustin, Wang, Laszlo, Kahn, Korkin, Remer, et al., 2011b). In the tropics, for 
example, the MAIAC algorithm generates a more accurate, less conservative cloud mask, 
which increases the number of clear-sky scenes by a factor of about 2–5, compared to 
MOD09GA (Hilker et al., 2015; 2014; 2012). 
Our analysis is focused on seven tiles from North and South America acquired 
during the year 2002 that represent eight biome types recognized by the operational 
algorithm and contain validation sites for which field data on LAI and FPAR are 
available. The tiles are h10v05, h11v04, h11v10, h12v03, h12v04, h12v09, and h13v11.  
2.2.4. MODIS C6 LAI/FPAR Product 
The Terra MODIS C6 8-day composited LAI/FPAR (MOD15A2H) from the 
seven selected tiles (Section 2.3) are used as a reference dataset. C6 LAI/FPAR product 




MOD09GA surface reflectance. It represents the latest version and contains the entire 
time series from February 2000 to the present (Knyazikhin et al., 1999; Knyazikhin, 
Martonchik, Myneni, Diner, & Running, 1998b; Myneni et al., 2002; K. Yan, Park, Yan, 
Chen, et al., 2016a). The C6 LAI/FPAR product is comprehensively evaluated and 
validated, which gives high confidence on its accuracy and consistency with other 
existing LAI/FPAR products (K. Yan, Park, Yan, Chen, et al., 2016a; K. Yan, Park, Yan, 
Liu, et al., 2016b). The standard product is composed from an intermediate daily 
LAI/FPAR product by selecting the best values from retrievals generated during the 8-
day compositing periods (K. Yan, Park, Yan, Chen, et al., 2016a; W. Yang et al., 2006). 
The daily retrievals in the seven selected tiles are also used in our study. 
2.2.5. Validation Sites 
Field data of LAI is publicly available from the Calibration Validation Portal 
(CalValPortal) On-Line Interactive Validation Exercise (OLIVE) are used in this study 
(European Space Agency, 2008). This website provides a collection of sites (called 
DIRECT) for which ground measurements have been collected and processed according 
to the Committee of Earth Observing Satellites (CEOS) Land Product Validation (LPV) 
subgroup guidelines (Garrigues et al., 2008; Morisette et al., 2006). These site-specific 
LAIs are available as spatially-averaged values over 3 km × 3 km reference maps. A 





Table 2.1. Validation sites and mean LAIs over 3 km × 3 km areas.  
Site Name Lat. Lon. 
MODIS 
tile Dominant Biome Instrument 
Mean 
LAI Year DOY 
KONZ 39.09 –96.57 h10v05 Grasses/Cereal Crops 
1LAI-2000 1.960 2000 159 
      2.161 2000 239 
      2.907 2001 228 
NOBS 55.89 –98.48 h12v03 
Deciduous 
Needleleaf Forest LAI-2000 3.485 2000 196 
      3.483 2001 195 






























h12v04 Deciduous Broadleaf 
Forest 





h12v04 Deciduous Broadleaf 
Forest 


















Forest DHP 4.180 2002 227 
Thompson1 56.05 -98.16 h12v03 Deciduous 
Needleleaf Forest 









93.75 h11v04 Broadleaf Crops LAI-2000 1.386 2002 174 
      2.145 2002 182 
      2.880 2002 189 
Turco1 –18.24 
–
68.18 h11v10 Shrubs DHPs 0.312 2001 208 
Turco2 –18.24 
–
68.19 h11v10 Shrubs DHPs 0.041 2002 240 
      0.034 2002 240 
      0.068 2003 105 
Wisconsin 45.80 –
90.08 
h11v04 Deciduous Broadleaf 
Forest 
LAI-2000 1.667 2002 146 
1 LAI-2000 = LAI-2000 Plant Canopy Analyzer.  





The goal of this section is to calibrate the operational MODIS LAI/FPAR 
algorithm for use with MAIAC data. We begin with analyses of the difference between 
MOD09GA and MAIAC BRFs. To understand the impact of uncertainties on retrievals 
we apply the operational algorithm to the MAIAC BRF without any adjustments and 
compare the retrievals with the C6 LAI product. Finally, we calibrate the algorithm using 
information on uncertainties in the MAIAC data. 
2.3.1. Analysis of MAIAC BRF and MOD09GA 
We analyzed the MAIAC and MOD09GA daily BRFs in the red and NIR spectral 
bands over the selected tiles (Section 2.3) acquired during the compositing period 
between 4 and 11 July 2002 (day of year (DOY) between 185 and 192). We grouped the 
BRFs into pixels with “good quality” if both MAIAC and MOD09GA QA flags met the 
criteria shown in Table 2.2. The “good quality” data excludes contamination by cloud, 
high aerosol content, presence of cirrus, snow, and fire. Its percentage for different biome 
types varied between 18.76% and 43.67% (Table 2.3). The remaining pixel BRFs in the 
selected regions were retrieved under poorer observation conditions according to the QA 
flags. These pixels were flagged as pixels with “poor quality” BRFs. They comprised 
3.05% to 10.32% of the total number of biome-dependent observations (Table 2.3) and 
consisted mainly of pixels for which the MAIAC QA flag passed the “good quality” test, 
whereas MOD09GA QA indicated cloud contamination and/or high aerosol content. This 
is consistent with results reported in (Hilker et al., 2012; 2015). The reminder mainly 




value (Table 2.3), i.e., the BRF cannot be retrieved according to the algorithm logic. The 
MOD09GA operational algorithm, however, generates a BRF value and associated QA 
flags in this case. Therefore, the users should consult QA flags when using MOD09GA 
data. Our analyses were performed separately for subsets of good- and poor-quality 
pixels. 
On average, the MAIAC BRF retrieval algorithm produced higher reflectance 
values in the red spectral band for the subset of good-quality pixels compared to its 
MOD09GA counterpart. The difference varies between −2% (Biome 5) and +8% (Biome 
3) in this example (Table 2.4). Some previous studies reported that MOD09 red BRF is 
slightly underestimated with respect to in situ measurements (Fan et al., 2014; Y. Wang 
et al., 2010). The BRFs differ insignificantly in the NIR spectral band, with the relative 
difference between −0.6% and 1.3% (Table 2.5). Both products exhibit similar spatial 
variations within biome types in the red and NIR spectral bands. The MOD09GA red 
BRF is significantly higher than the MAIAC reflectance for pixels with poor quality data, 
with the difference varying between −48% (Biome 2) and −0.4% (Biome 4) (Table 2.4). 
An increase in the difference is also seen in the NIR spectral band (Table 2.5). 
The observed increase in the product difference for pixels with poor quality data 
is due to the significant increase in the MOD09GA BRF. Indeed, the mean BRF in the 
red spectral band retrieved by the MOD09GA algorithm under poor observation 
conditions biased expected values by −96% (Biome 2) to −15% (Biome 3 and 5). The 
MOD09GA BRF in the NIR spectral band exhibits a similar tendency, although the 




The MAIAC retrieval algorithm is less sensitive to the observation conditions: the 
difference between mean BRFs retrieved under good and poor observation conditions 
varies between −18% (Biome 4) and +9% (Biome 3) in the red, and between −12% 
(Biome 4) and +2% (Biomes 7) in the NIR spectral band. This is a consequence of the 
MAIAC atmosphere correction approach (Lyapustin et al., 2012). Indeed, the algorithm 
performs an analysis of 4- to 16-day time series of at-sensor radiance collected over 
fixed-sized areas (blocks). Assuming that the surface remains stable or changes slowly 
over the measurement period of 4 to 16 days, the variation in radiance registered by the 
sensor is due to variation in atmospheric conditions. Analyses of temporal and spatial 
variations improve the accuracy of cloud detection, aerosol retrievals and, consequently, 
atmospheric correction with minimal conceptual limitations. In the case of rapid or large 
magnitude changes, the MAIAC assumes a stable BRDF shape, but a variable magnitude 
of total reflectance. The MAIAC algorithm is more expensive than its MOD09GA 
counterpart in terms of the computer resources required to process the time series and 
retrieve the surface BRF for a given block. 
The MOD09GA retrieval approach uses a pixel-by-pixel technique, i.e., the 
algorithm derives the surface reflectance in Lambertian approximation from a single 
record of the spectral at-sensor radiance. Unlike the MAIAC approach that aims to 
extract information about the surface and atmosphere directly from the time series and 
spatial analyses of the sensor records, the MOD09GA algorithm uses a number of 
assumptions to compensate for the poor information content of a single observation. This 




However, it is capable of generating reliable BRFs only if the algorithm assumptions are 
met. This lowers the spatial coverage of good quality BRFs. 
Table 2.2. Quality Assessment (QA) variables for MAIAC BRF and MOD09GA products. 







MAIAC No Low - No No No Yes 
MOD09GA No Low No No No No - 
Table 2.3. Statistics of good and poor-quality input for DOY 185–192, 2002. 
 Biome 1 Biome 2 Biome 3 Biome 4 Biome 5 Biome 6 Biome 7 Biome 8 
Total area, km2 601,924 265,006 381,059 501,265 1,295,335 509,444 581,865 38,883 
Good quality, % 24.07 33.96 18.76 19.69 43.67 23.23 40.62 38.61 
Poor quality, % 6.29 9.42 10.32 3.05 3.80 8.85 7.93 8.42 
Fill value in 
MAIAC and 
MOD09GA, % 
2.25 0.02 1.70 4.46 15.77 0.45 0.22 0.09 
Fill value in 
MAIAC and valid 
BRF MOD09GA, % 





Table 2.4. Comparison of MOD09GA and MAIAC daily red BRF during DOY 185–192, 2002. 
  B1 B2 B3 B4 B5 B6 B7 B8 
Good 
quality 
BRFdefghiiiiiiiiiiiii 0.059 0.048 0.063 0.072 0.024 0.027 0.033 0.040 
Coefficient of variation, % 42.37 22.92 38.10 30.56 29.17 33.33 30.30 25.00 
BRFdO6Ojiiiiiiiiiiii 0.062 0.050 0.068 0.073 0.023 0.029 0.034 0.041 
Coefficient of variation, % 40.32 22.00 35.29 28.77 30.43 31.03 32.35 24.39 
Difference 1, % 4.98 2.60 7.82 1.06 −2.05 6.67 2.63 3.54 
Poor 
quality 
BRFdefghiiiiiiiiiiiii 0.088 0.092 0.065 0.080 0.028 0.034 0.054 0.068 
Coefficient of variation, % 110.23 153.26 78.46 40.00 50.00 132.35 155.56 150.00 
BRFdO6Ojiiiiiiiiiiii 0.063 0.048 0.058 0.079 0.026 0.028 0.033 0.040 
Coefficient of variation, % 38.10 31.25 39.66 39.24 46.15 39.29 39.39 35.00 
Difference, % −28.43 −47.51 −10.24 −0.41 −4.78 −17.63 −37.93 −41.06 
MOD09GA 
Good–Poor 2, × 10−2 −3.45 −4.36 −0.62 −1.24 −0.31 −0.65 −2.01 −2.93 
(Good–Poor)/Good, % −70.18 −96.45 −15.01 −20.38 −15.01 −28.38 −64.11 −81.65 
MAIAC 
Good–Poor, × 10−2 −0.29 0.00 0.69 −1.16 −0.14 0.12 0.13 0.00 
(Good–Poor)/Good, % −10.49 −1.39 8.72 −18.19 −9.53 0.54 1.68 −1.53 
1 Difference is defined as (BRFdO6Oj	–	BRFlmngh)/	BRFlmngh	iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii × 	100%. 
2 Good–Poor is defined as the average of pixel-wise difference between Good and Poor condition 
observations during the 8-day period. 
Table 2.5. Comparison of MOD09GA and MAIAC daily NIR BRF. 
  B1 B2 B3 B4 B5 B6 B7 B8 
Good 
quality 
BRFdefghiiiiiiiiiiiii 0.340 0.223 0.379 0.261 0.291 0.368 0.204 0.223 
Coefficient of variation, % 19.71 22.87 15.83 17.24 16.49 17.66 23.53 23.77 
BRFdO6Ojiiiiiiiiiiii 0.338 0.223 0.379 0.261 0.3 0.37 0.205 0.224 
Coefficient of variation, % 19.23 22.42 16.09 16.86 16.33 17.30 22.44 22.32 
Difference 1, % –0.59 0.03 0 –0.15 1.29 0.57 0.51 0.25 
Poor  
quality 
BRFdefghiiiiiiiiiiiii 0.375 0.246 0.4 0.281 0.288 0.384 0.207 0.23 
Coefficient of variation, % 24.00 49.19 14.50 22.42 21.53 18.23 40.58 42.17 
BRFdO6Ojiiiiiiiiiiii 0.361 0.217 0.397 0.281 0.29 0.389 0.195 0.213 
Coefficient of variation, % 20.22 23.96 14.61 22.42 20.34 17.99 26.67 27.23 
Difference, % –3.79 –12.03 –0.41 –0.2 0.74 1.19 –5.76 –7.56 
MOD09GA 
Good–Poor 2, ×10–2 –4.39 –3.25 –1.58 –2.89 –0.62 –0.51 –0.74 –1.78 
(Good-Poor)/Good, % –14.85 –17.15 –5.57 –12.51 –3.41 –2.58 –5.69 –11.24 
MAIAC 
Good–Poor, ×10–2 –2.88 –0.33 –1.34 –2.89 –0.39 –0.73 0.54 –0.01 
(Good–Poor)/Good, % –9.85 –2.29 –4.96 –12.39 –2.48 –2.89 1.93 –0.95 
1 Difference is defined as (BRFdO6Oj	–	BRFlmngh)/	BRFlmngh	iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii × 	100%. 
2 Good – Poor is defined as the average of pixel-wise difference between good and poor condition observations 




2.3.2. Direct Application of the Operational Algorithm 
to MAIAC BRF Data 
We generated 8-day LAI products for the compositing period between 4 and 11 
July 2002 over the selected regions (Section 2.3) with the MODIS LAI/FPAR operational 
algorithm using MAIAC BRF as the input. Here we focus on the MAIAC and C6 LAI 
over pixels with “good quality” input. 
Table 2.6 (rows 1–3) shows the mean, coefficient of variation (std/mean) of the 
MAIAC and C6 LAI products, and their mean difference relative to the C6 LAI for good 
quality data as a function of biome type. Overall the retrievals show systematic 
disagreement for all vegetation types. The difference in mean values are within 0.2 LAI 
units. The coefficients of variation of the MAIAC and C6 LAI products are in close 
agreement, indicating that both retrievals exhibit similar spatial variability within each 
biome type. 
However, the MAIAC LAI tends to underestimate its C6 counterpart by about 3% 
to 10% (Table 2.6). Recall that the good quality BRF generated by the MAIAC and 
MOD09GA algorithms agree well in the NIR and disagree by −2% to +8% in the red 
spectral band (Table 2.4). The higher red BRF, with an almost indistinguishable 
difference in the NIR BRF, caused the underestimation of the LAI product. The quality of 
retrievals can be influenced by the use of uncertainty information in the retrieval 
technique (Y. Wang et al., 2001). Model and observation uncertainties are inputs to the 
LAI operational algorithm. We use this feature to calibrate the operational LAI algorithm 




Table 2.6. Difference between MAIAC and MODIS C6 LAI over pixels with good quality input for 
the compositing period between 4 and 11 July 2002, before and after algorithm calibration. 
Biome Type B1 B2 B3 B4 B5 B6 B7 B8 
C6 LAI 
Mean LAI 2.31 1.38 1.66 1.13 5.89 5.19 2.67 2.46 
Coefficient of variation, % 46.98 33.82 30.46 31.67 8.67 15.60 31.45 30.95 
MAIAC LAI 
(Before algorithm calibration) 
Mean LAI 2.11 1.32 1.50 1.09 5.90 5.15 2.57 2.34 
Coefficient of variation, % 44.19 34.62 27.93 29.75 7.79 15.55 31.60 30.27 
Difference  
(Before algorithm calibration) 
Absolute −0.20 −0.06 −0.17 −0.04 +0.01 −0.05 −0.10 −0.12 
Relative 1, % −8.59 −4.33 −9.95 −3.19 +0.20 −0.97 −3.86 −4.77 
Precision 0.52 0.11 0.20 0.15 0.30 0.71 0.41 0.38 
MAIAC LAI 
(After algorithm calibration) 
Mean LAI 2.30 1.37 1.68 1.13 5.85 5.18 2.68 2.50 
Coefficient of variation, % 45.79 34.80 30.41 30.38 7.72 14.37 32.20 31.17 
Difference  
(After algorithm calibration) 
Absolute −0.01 −0.01 0.01 0.00 −0.04 −0.01 0.01 0.05 
Relative, % −0.48 −0.67 0.83 −0.10 −0.63 −0.22 0.44 1.88 
Precision 0.53 0.11 0.19 0.15 0.29 0.66 0.43 0.41 
1 Relative difference is calculated as spatially averaged pixel values of (MAIAC LAI – C6 LAI)/C6 LAI × 
100% over each biome. 
2.3.3. Calibration of the Operational LAI/FPAR Algorithm 
2.3.3.1.Observation, Model, and Stabilized Precisions  
Let 𝑟s, 𝑟t,… , 𝑟v be the atmospherically corrected surface BRFs at n spectral 
bands. The surface reflectances are obtained by correcting the at-sensor radiance for 
atmospheric effects. The correction technique introduces errors in the surface reflectance 
product. The operational LAI/FPAR algorithm treats spectral BRFs as independent 
random variables with finite variances 𝜎xt, 𝑘 = 1, 2,… , 𝑛, and assumes that the deviations 
𝜀x = (𝑟x − 𝑚x)/𝜎x follow a Gaussian distribution (Y. Wang et al., 2001). Here, 𝑚x is 











characterizing the proximity of atmospherically corrected data 𝐫 = (𝑟s, 𝑟t, … , 𝑟v) to the 




𝜒t ≤ 𝑛 indicates good accuracy. We assume that the atmospheric correction algorithm 
provides spectral reflectance 𝐫 satisfying 𝜒t ≤ 𝑛 with a probability 1 − 𝛼. Dispersions 
𝛔 = (𝜎s, 𝜎t, … , 𝜎v) are observation precisions, i.e., precision in the BRF product. The 
deviation of 𝐦 from a true vector is the measurement accuracy, or bias. The uncertainty 
is defined as the root mean squared error (RMSE) between the estimated and true values, 
which depends on both accuracy and precision(Tan, Hu, Zhang, Huang, & Shabanov, 
2005b). 
The MODIS LAI operational algorithm compares measured spectral BRF, 𝐫, with 
those evaluated from model-based entries, 𝐫l = (𝑟l,s, 𝑟l,t,… , 𝑟l,v), stored in the LUT. 
The model-based spectral BRF also has errors, which are characterized by values 𝜀l,x =
(𝑟l,x − 𝑚l,x)/𝜎l,x. Dispersions 𝛔l = (𝜎l,s, 𝜎l,t,… , 𝜎l,v) are model precisions, which 
are determined by the range of natural variation in biophysical parameters not accounted 
for by the model. Deviations of the model predictions, 𝑚l,x, from true values 
characterize the model accuracy. 
Both the observation and model precisions must be considered when comparing 
measured and modeled BRFs (Y. Wang et al., 2001). Ignoring the model precision in the 
retrieval algorithm can cause a destabilization of the retrieval process. Wang et al. (Y. 
Wang et al., 2001) introduced a stabilized precision, 𝛅 = (𝛿s, 𝛿t, … , 𝛿v), which prevents 
the destabilization and minimizes the impact of model and observation precisions on LAI 
retrievals. The stabilized precision is a function of 𝛔l and 𝛔.  
The main LAI algorithm uses the stabilized precision to select acceptable 




spectral BRFs agree within the stabilized precisions, i.e., 𝜒𝜹t[𝐫 − 𝐫l] ≤ 𝑛. The mean 
values of LAI/FPAR and their dispersions are reported as retrievals and their 
uncertainties. 
2.3.3.2. Calibration Approach 
The MODIS LAI operational algorithm uses BRFs at two (𝑛 = 2) spectral bands, 
red (band 𝑘 = 1) and NIR (𝑘 = 2), to retrieve the LAI. The MAIAC observation 
precision is expected to be high when the surface is stable or changes slowly over the 
measurement period. In the case of rapid or large magnitude changes, the MAIAC 
assumes a stable BRDF shape, but a variable magnitude of total reflectance and, thus, its 
precision can be comparable to that of MOD09GA (Lyapustin et al., 2012). To take the 
worst case (rapid or large magnitude change) into account, the stabilized precision is, 
therefore, set to that used to generate the C6 MODIS LAI product (Hu et al., 2003; Tan, 
Hu, Huang, Yang, Zhang, Shabanov, et al., 2005a; Y. Wang et al., 2001). Its relative 
values, 𝛿x/𝑟x, are given in Table 2.7. 
Our analyses (Section 3.1) have indicated that the expected values 𝑚s of red BRF 
over the subset of good-quality surface reflectance derived from MAIAC and MOD09GA 
data are different, indicating different product accuracies. Let  and 
	represent the true values of the spectral BRF and the expected values 
predicted by the model. It follows from the Minkowski inequality (Bronshtein, 
Semendyayev, Musiol, & Mühlig, 2015; Y. Wang et al., 2001) that: 
,1 ,2( , )=mT T Tm m




𝜒𝜹[𝐫 − 𝐫l] ≤ 𝜒𝜹[𝐫 − 𝐦] + 𝜒𝜹[𝐫l − 𝐦l] + 𝜒𝜹[𝐦 −𝐦l] (2.1) 
This equation shows that 𝜒𝜹 depends on how the modeled BRF differs from (a) 
the “true” canopy BRF and (b) the observed BRF. For example, the use of a very accurate 
model, i.e., 𝐦l = 𝐦", maximizes the term 𝜒[𝐦 −𝐦l]. This may cause a “true” LAI 
to be outside of the set of acceptable solutions, i.e., it does not pass the comparison test. 
This term vanishes if one uses a model that tends to simulate the measurements, i.e., 
𝐦l = 𝐦. This, however, increases the contribution of the term 𝜒[𝐫l −𝐦l]. The 
calibration, therefore, is reduced to finding a surface reflectance model that optimally 
approximates the observed, 𝐦, and the true surface spectral BRF, 𝐦". 
The MODIS operational LAI algorithm is based on the radiative transfer of 
canopy spectral invariants, which permits an accurate decoupling of the structural and 
radiometric components of modeled and/or measured spectral BRF (D. Huang et al., 
2007; Knyazikhin, Martonchik, Myneni, Diner, & Running, 1998b; Knyazikhin, Schull, 
Xu, Myneni, & Samanta, 2011). The structural component determines the BRF shape, 
whereas the single scattering albedo controls its magnitude and accounts for the variation 
in BRF with the sensor spatial resolution and spectral band composition (Ganguly et al., 
2008). The MAIAC and MOD09GA BRFs are derived from data acquired by the same 
instrument, i.e., the sensor spectral band composition and the resolution are the same. The 
single scattering albedo that appears in the surface BRF model is the adjustable parameter 





Table 2.7. Relative values of stabilized precision in BRF used to generate MODIS C6 LAI product. 
 Biome 1 Biome 2 Biome 3 Biome 4 Biome 5 Biome 6 Biome 7 Biome 8 
Red 0.2 0.2 0.2 0.2 0.3 0.3 0.3 0.3 
NIR 0.05 0.05 0.05 0.05 0.15 0.15 0.15 0.15 
Table 2.8. Single scattering albedo at red and NIR spectral bands used in the MOSIS C6 operational 
algorithm and adjusted for the MAIAC data. 
  Biome 1 Biome 2 Biome 3 Biome 4 Biome 5 Biome 6 Biome 7 Biome 8 
MAIAC ωred 0.21 0.16 0.15 0.16 0.15 0.15 0.15 0.15 
ωNIR 0.88 0.83 0.94 0.88 0.92 0.84 0.70 0.70 
MODIS 
ωred 0.18 0.16 0.1 0.14 0.151 0.14 0.14 0.14 
ωNIR 0.88 0.84 0.94 0.88 0.91 0.84 0.7 0.7 
MAIAC–
MODIS 
∆ωred +0.030 0.000 +0.050 +0.020 −0.001 +0.010 +0.010 +0.010 
∆ωNIR 0.000 −0.010 0.000 0.000 +0.010 0.000 0.000 0.000 
2.3.3.3. Solving the Optimization Problem 
The performance metrics of the MODISLAI/FPAR operational algorithm includes 
(1) the retrieval index (RI), (2) RMSE between a reference LAI and LAI retrieved by the 
main algorithm, and (3) proximity of LAI histograms obtained from the main algorithm 
retrievals and reference data. The retrieval index is the percentage of pixels for which the 
main algorithm produces a retrieval. This index characterizes the spatial coverage of the 
best quality, high-precision retrievals and not their accuracies. The RMSE and proximity 
between the main algorithm retrievals and reference data characterize the product 
accuracy. 
The validated MODIS C6 LAI product over selected regions (Section 2.3) with 
good-quality pixel BRFs (Section 3.1) generated by the main algorithm during the 
compositing period between 4 and 11 July 2002 is used as the reference dataset. The 
performance metrics are a function of the single scattering albedo at red and NIR spectral 
bands. The calibration procedure, therefore, can be formulated as follows: find a 




which (a) maximizes the RI; (b) minimizes the RMSE; and (c) minimizes disagreement 
between LAI histograms generated by the main algorithm retrievals and the MODIS C6 
LAI product. This procedure is illustrated in Figure 2.1. First, we calculated the RI and 
RMSE as a function of ω234 and ω567. Second, we separated a subset of pairs (ω234, 
ω567) for which the RI exceeds pre-set values, which were set to 95% for herbaceous 
biomes (B1–B4), 80% for broadleaf biomes (B5 and B6), and 90% for needleleaf biomes 
(B7 and B8). Finally, we selected a pair (ω234, ω567) from this subset for which 
disagreement between LAI histograms obtained from the main algorithm retrievals and 
MODIS C6 LAI was minimized. Table 2.8 shows values of single scattering albedo at red 
and NIR spectral bands used in the MODIS C6 operational algorithm and adjusted for 
MAIAC data. These values optimally approximate the observed and true surface spectral 
BRF. 
Figure 2.2a shows an example of model-based LUT entries used in the MODIS 
C6 operational algorithm and adjusted for the MAIAC data. For a given LAI and soil 
pattern the MAIAC LUT generates slightly higher BRF values at red spectral bands 
compared to that for MOD09GA data. The main algorithm accumulates acceptable 
solutions, i.e., all canopy/soil parameters for which observed spectral BRF, 𝐫, agree with 
LUT entries, 𝐫l, within the stabilized precisions, i.e., 𝜒𝜹t[𝐫 − 𝐫l] ≤ 2. Figure 2.2b shows 
the distribution of LAI per unit in the NIR vs the red spectral plane. The retrieval domain 
is a set of points on the spectral plane for which the model-based main algorithm 
retrieves at least one acceptable solution. In the case of dense canopies, the reflectances 




saturated reflectances are shown as a yellow-to-red subset in the retrieval domain. The 
configuration of the retrieval domain is controlled by the stabilized precision and single 
scattering albedos at the red and NIR spectral bands. 
Figure 2.3 shows comparisons of MODIS C6 and MAIAC LAI over selected 
regions with good-quality input for grasses and cereal crops (Biome 1), broadleaf crops 
(Biome 3), deciduous broadleaf forests (Biome 6), and deciduous needleleaf forests 
(Biome 7) generated by the main algorithm during the compositing period between 7 and 
11 July 2002. The majority of the MAIAC LAI are close to the 1:1 line on the MAIAC 
vs. C6 LAI scatterplot. The upper bound of the difference between MAIAC and C6 LAIs 
has been reduced from 0.2 units to 0.05 LAI units after calibration of the LAI algorithm 
for MAIAC data (Table 2.6, rows 4–5), with the relative difference below 2%. A 
comparison of the corresponding FPARs is shown in Figure 2.4, which is consistent with 





Figure 2.1. Retrieval index (vertical axis) and RMSE (color bar) as a function of single scattering 
albedo at red, 𝛚𝐫𝐞𝐝, and NIR, 𝛚𝐍𝐈𝐑, spectral bands (horizontal plane) for broadleaf crops (Biome 3). 
One can see a subset of pairs (𝛚𝐫𝐞𝐝,𝛚𝐍𝐈𝐑) at which high values of the RI and low values of RMSE 
remain almost invariant. The LAI histograms, however, exhibit strong variation for these single 
scattering albedos. The calibration procedure aims to find a pair (𝛚𝐫𝐞𝐝,𝛚𝐍𝐈𝐑) from this subset that 
minimizes the disagreement between LAI histograms generated by the main algorithm retrievals and 
the MODIS C6 LAI product. The solution for the MAIAC BRF is shown as a star, which 
corresponds to 𝛚𝐫𝐞𝐝 = 𝟎. 𝟏𝟓,𝛚𝐍𝐈𝐑 = 𝟎. 𝟗𝟒, RI = 99.3, and RMSE = 0.20. The diamond shows single 
scattering albedos used in the MODIS C6 operational algorithm: 𝛚𝐫𝐞𝐝 = 𝟎. 𝟏𝟎,𝛚𝐍𝐈𝐑 = 𝟎. 𝟗𝟒. 
2.4. Results and Discussion 
We generated LAI and FPAR 8-day composites over the selected regions for 2002 
from the BRF using the calibrated MODIS LAI/FPAR operational algorithm. The aim of 
this section is to MAIAC BRF using the calibrated MODIS LAI/FPAR operational 





Figure 2.2. (a) Look-up-table (LUT) entries on the near-infrared (NIR) vs. red spectral plane 
adjusted for MOD09GA (circles) and MAIAC (asterisk) BRF data. (b) The retrieval domain of the 
algorithm calibrated for MAIAC BRF data. The main LAI algorithm can retrieve a LAI value only if 
the observed pair (𝐁𝐑𝐅𝐫𝐞𝐝,𝐁𝐑𝐅𝐍𝐈𝐑) of MAIAC BRF at red and NIR spectral bands falls within the 
retrieval domain. Color bars show the returned LAI values per unit red vs. NIR spectral planes. The 
LUT entries and retrieval domain are for broadleaf forests (Biome 6), a solar zenith angle between 
22.5° to 37.5°, a view zenith angle between 0° to 8.5°, and the relative azimuth angle between 0° to 
25°. 
2.4.1. MAIAC and C6 LAI for 2002 
Our analyses of MAIAC and C6 LAI were performed separately for subsets of 
good- and poor-quality pixels based on the 8-day composites. Table 2.9 summarizes the 
differences between the products for April through June, July through September, and the 
entirety of 2002. We also calculated annual maximum LAI as a biome-dependent spatial 
average of maximum pixel LAIs over the entirety of 2002. Its precision characterizes the 
stability of retrievals during the peak growing season when vegetated surface remains 
stable. 
The MAIAC LAI product compares well with its C6 counterpart for the subset of 
good-quality pixels in the selected regions: the difference and precision between products 




April through June compared to those in July through September. The annual difference 
(precision) depends on the biome type and varies between 0.003 (0.119) and 0.063 
(0.503). The annual maximum LAI for the year of 2002 ranges from 0.004 to 0.139, with 
precisions between 0.123 and 0.717 LAI units (Table 2.9). 
For the subset of poor-quality pixels, the difference and precision exhibit a wider 
range of variation (Table 2.9). For most of the biomes and time periods, their values over 
poor-quality pixels are larger than those over good-quality pixels. The difference and 
precision reach maxima for annual maximum LAI, indicating a spurious variation in 
LAIs during peak growing seasons when vegetated surfaces remain stable. 
Thus, the LAIs retrieved from MAIAC and MOD09GA BRF agree well over 
good-quality pixels. As it was shown in Section 3.1, the MAIAC retrieval technique is 
capable of producing reliable BRFs over pixels for which the MOD09GA algorithm 
detects cloud contamination and/or high aerosol content and, therefore, cannot generate 
high-quality BRFs. This lowers the quality of the LAI retrieved from MOD09GA in this 
case. The use of MAIAC BRF, therefore, increases spatial coverage of the best quality, 
high-precision LAI retrievals. For example, the use of MAIAC BRF in the LAI/FPAR 






Figure 2.3. Comparison of MODIS C6 and MAIAC LAI over selected regions with good quality 
input for grasses and cereal crops (Biome 1, (a–c)), broadleaf crops (Biome 3, (d–f)), deciduous 
broadleaf forests (Biome 6, (g–i)), and deciduous needleleaf forests (Biome 7, (j–l)) generated by the 
main algorithm during the compositing period between 4 and 11 July 2002. Shown are MAIAC 
versus C6 LAIs scatterplots (first column), histograms of MAIAC (blue) and C6 (red) LAIs (second 
column), and the difference between retrievals before (red) and after (blue) calibration of the 







Figure 2.4. Comparison of MODIS C6 and MAIAC FPAR over selected regions with good quality 
input for grasses and cereal crops (Biome 1, (a–c)), broadleaf crops (Biome 3, (d–f)), deciduous 
broadleaf forests (Biome 6, (g–i)), and deciduous needleleaf forests (Biome 7, (j–l)) generated by the 
main algorithm during the compositing period between 4 and 11 July 2002. Shown are MAIAC 
versus C6 FPARs scatterplots (first column), histograms of MAIAC (blue) and C6 (red) FPARs 
(second column), and the difference between retrievals before (red) and after (blue) calibration of the 






Table 2.9. Difference between MAIAC and C6 LAI and precision for the year 2002. 
 Biome 
Type 
April–June July–September Year 2002 Max LAI 




B1 −0.011 0.251 0.041 0.464 0.026 0.344 −0.035 0.717 
B2 −0.011 0.115 0.007 0.126 0.006 0.119 −0.017 0.123 
B3 0.005 0.129 0.135 0.303 0.063 0.206 0.139 0.41 
B4 −0.038 0.216 −0.018 0.151 −0.029 0.236 −0.112 0.405 
B5 −0.044 0.385 −0.004 0.303 −0.02 0.336 −0.058 0.25 
B6 0.018 0.413 0.01 0.66 0.025 0.503 −0.021 0.59 
B7 −0.034 0.247 0.013 0.421 0.003 0.354 −0.025 0.472 
B8 −0.001 0.235 0.05 0.428 0.039 0.353 0.004 0.485 
Max|*| 0.044 0.413 0.135 0.66 0.063 0.503 0.139 0.717 




B1 −0.005 0.389 0.064 0.684 0.010 0.364 0.363 0.604 
B2 −0.055 0.149 −0.025 0.286 −0.034 0.214 0.141 0.176 
B3 −0.024 0.197 0.171 0.540 0.039 0.302 0.405 0.505 
B4 −0.088 0.364 −0.042 0.238 −0.075 0.407 0.220 0.387 
B5 0.167 1.177 0.061 0.634 0.078 0.776 0.639 1.085 
B6 0.015 0.749 0.146 1.096 0.045 0.719 0.713 1.013 
B7 −0.086 0.377 0.074 0.697 0.009 0.504 0.384 0.592 
B8 −0.083 0.356 0.100 0.676 0.027 0.529 0.347 0.579 
Max|*| 0.167 1.177 0.171 1.096 0.078 0.776 0.713 1.085 
Min|*| 0.005 0.149 0.025 0.238 0.009 0.214 0.141 0.176 
1 𝛿̅ is the mean value of the LAI difference (accuracy), which is defined as MAIAC LAI – MODIS LAI. 
2 σ is the standard deviation of the LAI difference (precision). 
2.4.2. Comparison with Field Data 
We compared the MAIAC and MODIS C6 LAI with the field data. The ground 
truth data used in our analyses are from the publicly available CalValPortal OLIVE 
archive (Section 2.5 and Table 2.1), which provides site-specific LAIs as spatially-
averaged values over 3 km × 3 km reference maps. Some data represent effective values 
of LAI, i.e., LAI measured by optical instruments, e.g., LAI-2000 Plant Canopy 
Analyzer, not all of them were corrected for clumping effects. The effective LAI may 




Rautiainen, Mõttus, & Stenberg, 2009). We use effective LAI of non-coniferous forest in 
our analyses. 
We follow the technique developed for validation of the MODIS C6 LAI product 
with CalValPortal OLIVE data (K. Yan, Park, Yan, Liu, et al., 2016b), which can be 
summarized as follows: Each site contains about 36 (~6 × 6) MODIS C6 and MAIAC 
LAI pixels. First, we extracted 8-day composites, which include the date of the ground 
measurements and excludes water pixels. Second, we selected validation sites that 
contained more than 50% main algorithm retrievals within a 3 km × 3 km site area and 
the information entropy of the site biome type was below 1. The entropy is an indicator 
of the impact of biome mixture within a 3 km × 3 km site area on LAI retrieval. Its values 
for our validation sites, documented in (K. Yan, Park, Yan, Liu, et al., 2016b), were used 
in our analyses. There were 25 sites satisfying these conditions (Table 2.1). Finally, we 
compared the mean values of satellite-derived LAI over a 3 km × 3 km area with their 
ground-measured counterparts. 
Figure 2.5 summarizes the comparison results. The MAIAC LAI shows better 
agreement with field data than C6 with the RMSE decreasing from 0.80 LAI units (C6) 
down to 0.67 (MAIAC) and the R2 increasing from 0.69 to 0.80. The slope (intercept) has 
changed from 0.89 (0.39) to 0.97 (0.25). Due to insufficient concurrent MAIAC and in 
situ FPAR data, assessment of the MAIAC FPAR is restricted to the comparisons with 
validated C6 FPAR with the goal to establish consistency between the products. 
A better performance of the LAI algorithm with MAIAC BRF can be explained 




for which both MAIAC and MOD09GA BRFs were available. This set includes pixels 
with good and poor quality data. The latter group consists mainly of pixels for which the 
MAIAC QA flag passed the “good quality” test, whereas MOD09GA QA indicated cloud 
contamination and/or high aerosol content. As it was shown in Section 3.1, the MAIAC 
BRF is more accurate and stable in this set, hence, a better overall performance of the 
LAI/FPAR algorithm. 
 
Figure 2.5. Comparisons of (a) C6 and (b) MAIAC with ground measured LAI. Effective and true 
LAI are shown as triangles and circles, respectively. There were 25 field measurements available for 
our analysis. 
2.4.3. Seasonal LAI and FPAR Patterns Derived from MAIAC BRF 
Figure 2.6 and Figure 2.7 show the seasonal patterns of C6 and MAIAC 
LAI/FPAR 8-day composite over selected regions in 2002. Each LAI and FPAR time-
series represent averaged biome-specific main algorithm retrievals. At the MODIS tile 
scale, the seasonal variations in the C6 and MAIAC LAI and FPAR products agree well. 
The regression line of the C6 vs. MAIAC LAI (FPAR) scatterplot has a slope of 0.998 
(1.020) and an intercept of −0.0005 (−0.014). The R2 coefficient is 0.999 (0.997). The 




literature (Y. Tian, 2004; Wenze Yang, Dong Huang, et al., 2006b; K. Yan, Park, Yan, 
Chen, et al., 2016a; W. Yang et al., 2006). For MAIAC, maxima of non-forest LAI 
(Biomes 1 through 4) are typically below 2 (Figure 2.7). The LAI of North America’s 
deciduous broadleaf (needleleaf) forests reach its maximum around 5 (3) during the 
boreal summer and drops to about 0.5 (0.5) in winter. South America’s tropic evergreen 
broadleaf forests (Biome 5) show weak seasonal LAI variations about its mean value of 
5.5 LAI units. Savannas exhibit similar behavior with a mean LAI of 1.5 (Figure 2.7). 





Figure 2.6. Seasonal variations in (a) C6 LAI and (b) MAIAC LAI of forests (B5-B8); (c) C6 FPAR 
and (d) MAIAC FPAR of non-forest (B1–B4) biome types in the year 2002. Retrievals generated by 
the main algorithm over selected regions were used to derive LAI and FPAR trajectories.  
 
Figure 2.7. Seasonal variations in (a) C6 LAI and (b) MAIAC LAI of non-forest (B1–B4); and (c) C6 
FPAR and (d) MAIAC FPAR of forests (B5–B8) biome types in 2002. Retrievals generated by the 




2.4.4. Algorithm Retrieval Index 
Figure 2.8 shows the distribution of the LAI/FPAR algorithm path’s QA flag 
(Section 2.1) for MOD09GA and MAIAC input BRFs over good quality pixels in the 
selected regions for the year 2002. The RI exceeds 94% in both cases, not surprisingly, 
because the same procedure was applied to calibrate the LAI algorithm for MOD09GA 
and MAIAC BRF, which aims to maximize the RI. Figure 2.8a shows the RI as a 
function of biome type. The probability to retrieve the highest quality LAI (QA = “main 
algorithm without saturation”) is higher than 94% for all biomes except broadleaf forests 
(Biome 5 and 6). Broadleaf forests represent dense canopies. The majority of LAIs are 
retrieved under the condition of saturation and, therefore, have moderate quality (QA = 
“main algorithm with saturation”). This is clearly seen in the case of South America’s 
tropic evergreen broadleaf forests (Biome 5), which show weak seasonal LAI variations 
(Figure 2.5). The LAI of North America’s deciduous broadleaf forests (Biome 6) exhibit 
strong seasonality (Figure 2.5). This lowers the frequency of LAIs retrieved under 
saturation conditions. Figure 2.6b shows the seasonal variation of RI for all eight biomes 
in 2002. The main algorithm outputs the best quality retrievals, in the case of low LAI, 





Figure 2.8. Distribution of the algorithm path QA flag over pixels with good quality pixels for 
MOD09GA (left bars) and MAIAC (right bars) input BRFs in the year 2002. The QA flag indicates 
whether LAI was generated by the main or backup algorithm. In the first case, a LAI value can be 
retrieved from non-saturated (legend “Main”) or saturated (legend “Main-S”) surface BRF. The 
backup algorithm is utilized if the main algorithm fails due to the sun-sensor geometry (legend 
“BackUp-G”) or other reasons (legend “BackUp-O). (a) Distribution of QA flags for different biome 
types. (b) Seasonal variation of QA for all eight biome types. 
2.5. Conclusions 
The purpose of our study has been to evaluate the performance of the operational 
LAI/FPAR algorithm with MAIAC BRF data. Both the standard MOD09GA and 
MAIAC BRFs are derived from data acquired by the same instrument. However, 
different techniques were implemented to correct in-orbit data for atmosphere and other 
environmental effects. If MAIAC and standard BRF products were of the same quality, 
LAIs derived from the MAIAC BRF should compare well with the standard MODIS LAI 
product. Direct application of the LAI/FPAR operational algorithm to MAIAC data, 
however, resulted in an underestimation of the C6 LAI product. Both MAIAC and C6 
LAIs are likely to agree well with ground truth data. However, their uncertainties are 
different. Model and observation uncertainties are input into the LAI/FPAR operational 
algorithm. Therefore, the use of incorrect uncertainty information when processing the 




The operational LAI/FPAR algorithm was calibrated for uncertainties in the MAIAC 
BRF product. Its performance was evaluated on a limited set of MAIAC BRF data from 
North and South America, and suggests increased spatial coverage of best quality, high-
precision LAI retrievals of up to 10%. The MAIAC LAI and FPAR show consistent 
values with their C6 counterparts, and properly capture the seasonality in different 
biomes. The MAIAC LAI shows better agreement with the field data compared to the C6 
LAI product with an RMSE decreasing from 0.80 LAI units (C6) down to 0.69 (MAIAC) 
and the R2 increasing from 0.67 to 0.80. The slope (intercept) of the satellite-derived 
versus field measured LAI regression line has changed from 0.89 (0.69) to 0.97 (0.25). 
This is the consequence of a better quality of the MAIAC BRF, which is the input for the 
LAI/FPAR retrieval technique. Further evaluation of the LAI/FPAR retrievals with an 
emphasis on FPAR will be conducted when the MAIAC BRF is globally available for the 




CHAPTER 3: China and India Lead in Greening of the World through Land-use 
Management 
This chapter has been published: Chen, C., Park, T., Wang, X., Piao, S., Xu, B., 
Chaturvedi, R. K., et al. (2019). China and India lead in greening of the world through 
land-use management. Nature Sustainability, 2(2), 122–129. 
http://doi.org/10.1038/s41893-019-0220-7 
3.1. Introduction 
The green leaves of vegetation sustain life on Earth by synthesizing sugars from 
water and CO2 using the energy of sunlight and cool the surface by transpiring large 
amounts of water during this process. Their abundance is measured as the one-sided leaf 
area in broadleaf species and one-half the total needle surface area in coniferous species 
(Myneni et al., 2002). This varies seasonally between a maximum of 231 × 106km2 in 
July, when the Northern Hemisphere is at its greenest, and a minimum of 132 × 106km2in 
January. The yearly average of 171 × 106km2 of leaf area found in 109 × 106km2 of 
vegetated area represents the annual average leaf area index (LAI) of the Earth—which is 
1.57. Greening and browning are defined as statistically significant increases and 
decreases, respectively, in the annual average green leaf area at a location over a period 
of several years. Greening or browning could result from changes in the average leaf size, 
number of leafs per plant, the density of plants, the species composition, duration of 
green-leaf presence owing to changes in the growing season and multiple cropping. 
Data from satellites, available since the early 1980s, indicate increasing greenness 




et al., 1997; Park et al., 2016; Vickers et al., 2016; Xu et al., 2013; Zhou et al., 2001; Zhu 
et al., 2016). The previously inferred dominant role of a CO2 fertilization effect (Cheng et 
al., 2017; Donohue, Roderick, McVicar, & Farquhar, 2013; Keenan et al., 2016; Piao et 
al., 2015; Zhu et al., 2016), and of indirect drivers in general (Bjorkman et al., 2018; 
Fensholt et al., 2012; Forkel et al., 2016; Goetz, Bunn, Fiske, & Houghton, 2005; Mao et 
al., 2016; Myneni et al., 1997; Nemani et al., 2003; Zhu et al., 2016), in the greening of 
the Earth raises the question of the role of human land use in shaping the vegetation 
greenness patterns on global lands. It may be more important than currently thought, for 
the following reasons. First, the models used in previous attribution analyses had 
rudimentary representations of evolving complex patterns of land-use practices 
(described below and elsewhere (Prestele et al., 2017)), thus downplaying the direct role 
of humans in greening (Piao et al., 2018). Second, the effects of higher CO2 
concentrations on plant growth (McMurtrie et al., 2008), outside of experimental 
situations, are poorly understood and—as a consequence—the models differ widely in 
their prognostications (Wenzel et al., 2016). Third, deleterious effects of the loss of 
sensor calibration, orbital drift of satellites, atmospheric contamination of vegetation 
signals and disjointed stitching of data from multiple sequential sensors were evident in 
the underlying satellite data (F. Tian et al., 2015)that were used in nearly all previous 
studies. Fourth, a recent study has shown that human land use is the dominant factor 
behind changes in woody and herbaceous vegetation cover (X.-P. Song et al., 2018). Now 
that better quality leaf area data are available from the moderate resolution imaging 




Diner, & Running, 1998b; Myneni et al., 2002; K. Yan, Park, Yan, Chen, et al., 2016a; K. 
Yan, Park, Yan, Liu, et al., 2016b)—Table 3.1 describes the specifics of MODIS 
compared to advanced very high resolution radiometer (AVHRR) data—we aim here to 
assess the role of the direct driver, that is, human land-use management, without recourse 
to models, by characterizing the greening patterns in ecosystems globally. 
Table 3.1. Comparison of data and processing from AVHRR and MODIS sensors. 
AVHRR MODIS 
Broad red and near-infrared wavelength 
channels. These are not necessarily chosen to 
be responsive to changes in vegetation as these 
are meteorological sensors. 
Narrow red and near-infrared wavelength 
channels designed specifically to respond to 
vegetation changes (Justice et al., 2002). 
  
No on-board calibration. Sensor calibrated 
before launch, but loses calibration over time 
(Staylor, 1990). 
On-board calibration. Sensor calibrated before 
launch and during operation regularly. The 
sensor is also periodically calibrated using the 
moon (Xiong, Wu, & Cao, 2008). 
  
Multiple sequential sensors with no overlap 
(Pinzon & Tucker, 2014). Each sensor data 
span is about 3 to 4 years. Inter-sensor data 
calibration is a major problem.  
Two near-simultaneous sensors. The Terra 
MODIS data stream started in Feb 2000 (Aqua 
MODIS stream started in May 2002). Overlaps 
allows inter-sensor calibration. 
  
Satellite loses orbit over time. Data is collected 
over progressively lower and lower sun angles 
(Xiong et al., 2008). Variations in data due to 
sun angle changes are conflated with changes 
in vegetation. 
Both Terra and Aqua platforms maintain 
precise orbits. Any orbit loss is periodically 
corrected by pushing the satellites into their 
designated orbits. Variations in data due to 
changes in sun-sensor geometry are explicitly 
considered during LAI retrievals (Knyazikhin, 
Martonchik, Myneni, Diner, & Running, 
1998b; Myneni et al., 2002). 
  
Minimal correction for atmospheric 
contamination of signals emanating from 
vegetation. Sensor lacks additional wavelength 
channels required for accurate cloud screening, 
correction for daily tropospheric aerosol 
contamination and periodic stratospheric 
aerosol contamination (following volcanic 
eruptions) (Pinzon & Tucker, 2014; Zhu et al., 
2013). 
Sensor has several channels that are used to 
accurately screen for clouds, including high 
cirrus. Atmospheric correction for molecular 
and tropospheric aerosol contamination is 
performed accurately with a radiative transfer-
based algorithm on a daily basis for each of the 
seven vegetation channels (Frey et al., 2008; 





As no physics-based processing is possible 
with AVHRR channel data, the daily red and 
near-infrared channel data are used to compute 
Normalized Difference Vegetation Index 
(NDVI) and the maximum value over a 15-day 
period, which generally corresponds to the data 
with minimal atmospheric contamination, is 
provided to users as the end product (Holben, 
1986; Pinzon & Tucker, 2014). 
The physics-based processing removes 
atmospheric effects and provides users with at-
ground reflectance data for each of the seven 
channels (Vermote et al., 2002).  
  
Leaf area products are derived using black-box 
approaches such as neural nets. These are 
trained using AVHRR NDVI and MODIS LAI 
products from the overlap period (2000 
onwards) between the two sensors. Partial 
validation with ground measurements (Zhu et 
al., 2013). No suitable field data prior to 2000 
exist for validation. 
The channel reflectance data are used in other 
physics-based algorithms to derive leaf area 
estimates (Knyazikhin, Martonchik, Myneni, 
Diner, & Running, 1998b; Myneni et al., 2002) 
and tree/non-tree fractions (Hansen et al., 
2003). The derived products are extensively 
validated with ground measurements 
(https://landval.gsfc.nasa.gov/) (K. Yan, Park, 
Yan, Liu, et al., 2016b). All the algorithms 
have been periodically updated and the entire 
archive is re-processed to produce newer 
versions of the data products. Currently, the 6th 
version of data products are used in our 
analyses (K. Yan, Park, Yan, Chen, et al., 
2016a; K. Yan, Park, Yan, Liu, et al., 2016b). 
  
Low spatial resolution (8×8 km2) and 15-day 
frequency for the period July 1981 to 
December 2016 (Pinzon & Tucker, 2014; Zhu 
et al., 2013). 
 
Moderate spatial resolution (500×500 m2), 8-
day frequency for the period Feb 2000 to Dec 
2017 (K. Yan, Park, Yan, Chen, et al., 2016a; 
K. Yan, Park, Yan, Liu, et al., 2016b). 
 
AVHRR LAI data prior to 2000 are not 
evaluated as required field data are not 
available. Ground data collected as part of 
MODIS validation efforts after 2000 were used 
to test the quality of AVHRR LAI data and 
these are described in Zhu et al. (Zhu et al., 
2013). 
The quality of C6 MODIS LAI data sets was 
comprehensively evaluated against ground-
based measurements of LAI and through inter-
comparisons with other satellite retrieved LAI 
products (K. Yan, Park, Yan, Chen, et al., 
2016a; K. Yan, Park, Yan, Liu, et al., 2016b). 
These data sets represent the latest and best 
quality LAI products currently available. They 
resulted from two decades of research on the 
LAI algorithm development, testing, 
refinement and validation––these efforts are 
described in over 50 peer-refereed journal 
articles listed at the MODIS Land validation 






3.2.1. MODIS LAI Product 
Collection 6 (C6, also version 6) Terra and Aqua MODIS LAI products 
(MOD15A2H and MYD15A2H) are used in this study (Myneni, Knyazikhin, & Park, 
2015a; 2015b). These LAI datasets are provided as 8-day composites with a 500-m 
sinusoidal projection covering the whole globe. They are further refined by rigorous 
checking of the quality flags of the LAI products and of the simultaneous vegetation 
index products, following the previously described methods (Samanta et al., 2011). This 
filtering provides the highest quality MODIS LAI observations that minimize any 
residual contamination from clouds, aerosols, snow and shadow. The two LAI datasets 
(that is, four 8-day composites) are then combined into a 16-day composite by taking the 
mean of all valid LAIs (temporal average). They are then spatially aggregated to generate 
0.05° data in a climate-modelling grid ((CMG); the spatial average). The remaining gaps, 
although very few, are filled using the climatology of each 16-day composite during 
2000–2017. Finally, the annual average LAI for each 0.05° pixel is calculated and used in 
this study. 
The quality of C6 MODIS LAI datasets was comprehensively evaluated against 
ground-based measurements of LAI and through intercomparisons with other satellite 
LAI products (K. Yan, Park, Yan, Chen, et al., 2016a; K. Yan, Park, Yan, Liu, et al., 
2016b). These datasets represent the latest and highest quality LAI products that are 
currently available. They result from two decades of research on the LAI algorithm 




peer-reviewed journal articles listed at the MODIS Land validation website 
(https://landval.gsfc.nasa.gov/). 
3.2.2. AVHRR LAI3g Product 
We generated a new version of the LAI data (LAI3gV1) as part of this study 
based on the previously described methodology (Zhu et al., 2013). It has global coverage 
with bimonthly frequency and has a 1/12° spatial resolution. It spans the period July 1981 
to December 2016. It is the longest among current LAI datasets. The full time series of 
LAI3gV1 data was generated by an artificial neural network algorithm that was trained 
with the overlapping data (2000–2016) of NDVI3gV1 and C6 Terra MODIS LAI 
datasets. Here, NDVI3gV1 refers to the new version of the third-generation normalized 
difference vegetation index data provided by Global Inventory Modeling and Mapping 
Studies (GIMMS) AVHRR (Pinzon & Tucker, 2014). The annual average of LAI3gV1 is 
calculated from 24 observations per year. 
AVHRR LAI data prior to 2000 are not evaluated as required field data are not 
available. Ground data collected as part of MODIS validation efforts after 2000 were 
used to test the quality of AVHRR LAI data and these have been described previously 
(Zhu et al., 2013). 
3.2.3. MODIS Land Cover Type Product 
The land cover information is provided by the collection 5.1 MODIS yearly 
product known as MCD12C1 (Friedl, McIver, Hodges, & Zhang, 2002). The spatial 
resolution of land cover is 0.05° in CMG. The International Geosphere-Biosphere 




broad biome types in this study—forests, other woody vegetation, grasslands and 
croplands. Forests include evergreen needleleaf forest, evergreen broadleaf forest, 
deciduous needleleaf forest, deciduous broadleaf forest and mixed forest. Other woody 
vegetation includes closed shrublands, open shrublands and woody savannahs. 
Grasslands include savannahs and grasslands. Croplands include croplands and mosaics 
of croplands and natural vegetation. A static land cover map (that is the map for 2007) is 
used to define the above-mentioned four broad biome types. 
3.2.4. MODIS Vegetation Continuous Field Product 
C6 Terra MODIS vegetation continuous field is a yearly product that presents a 
continuous, subpixel fraction of land surface cover with a 250-m sinusoidal projection 
from 2000 to 201655. The fraction of land surface cover has three components, which 
include the percentage of tree cover, percentage of non-tree vegetation cover and 
percentage of non-vegetated cover. The 250-m data are aggregated to 0.05° CMG in this 
study. 
3.2.5. Temperature and Precipitation Data 
Monthly 0.5° CMG temperature and precipitation data are provided by the 
University of East Anglia Climate Research Unit (CRU) and the latest version is CRU 
TS4.01 (https://doi.org/10.5285/58a8802721c94c66ae45c3baa4d814d0). MAT and ATP 
were calculated for each year. The climatology of the MAT and ATP is also evaluated 
during the period of 2000 to 2016. Three climatic zones were defined based on the 
climatology of MAT: (1) cool, MAT < 10 oC; (2) warm, MAT = 10–25 oC; and (3) hot, 




ATP: (1) dry, ATP < 500 mm; (2) wet, ATP = 500–1,000 mm; and (3) humid, 
ATP > 1,000 mm. 
3.2.6. Data of Country Administrative Areas 
Data on country administrative areas was obtained from the Database of Global 
Administrative Areas (GADM) hosted by University of California at Davis 
(https://gadm.org/). The GADM data provide high-resolution shapefiles at all 
administrative levels, such as at the country, state or provincial level (https://gadm.org/). 
We used the latest version (v.2.8) in this study. 
3.2.7. FAOSTAT Database 
Arable area, harvested area, cereal production and population were obtained from 
the FAOSTAT database hosted by the FAO (http://www.fao.org/faostat/). Crop statistics 
(that is, arable area and harvested area) are recorded for 173 types of crops from 1961 to 
2015/2016. Arable area and harvested area shown in Figure 3.6 are ratios expressed 
relative to their corresponding values in year 2000. The 2017 population data given by 
FAO are estimated based on the 2015 Revision of World Population Prospects from the 
United Nations Population Division. 
3.2.8. Forestry Inventory Data of China 
The forestry inventory data of China is provided by the State Forestry 
Administration of China (http://www.forestry.gov.cn). We used forest statistics 
documented in the National Continuous Forest Inventory of China (1999–2003 and 




We also used the planted forest map of China at a 1-km spatial resolution, which was 
obtained from the Seventh National Forest Resource Inventory (2004–2008). 
3.2.9. Calculation of LAI Trends 
Trends in annual average MODIS LAI (2000 to 2017) and AVHRR LAI3gV1 
(1982 to 2016 and 2000 to 2016) are evaluated by the Mann–Kendall test, which is a non-
parametric test to detect monotonic trend in time series data. We used the function 
‘zyp.trend.vector’ with the Yue–Pilon pre-whitening method provided by R package 
‘zyp’ to conduct the trend test (https://cran.r-project.org/web/packages/zyp/index.html). 
The trends with P ≤ 0.1 are considered to be statistically significant in this study. Similar 
patterns are seen at P ≤ 0.05 and the seven greening clusters (Figure 3.1) are visible even 
at P ≤ 0.01. 
3.2.10. Calculation of the Net Change in Leaf Area 
Trends in annual average MODIS LAI were considered to be linear when we 
calculated net changes in the leaf area during the period from 2000 to 2017. The net 
changes in leaf area for a specific region take into account the effects from both 
statistically significant browning and greening areas, and set the areas with statistically 
insignificant trends to a zero contribution, as shown in Equation (3.1): 
Net leaf area changes of a region = ∑ 𝑇𝑟. ∙ 𝐴.¢.s ∙ 𝑁¤¥ (3.1) 
where i represents a pixel with a statistically significant trend, n is the total number of 
such pixels in the region, Tri is the trend of a pixel, Ai is the area of a pixel that varies 




3.2.11. Growing Season-Integrated LAI and Annual Average LAI 
The annual average LAI is used in our analyses, rather than a growing season-
integrated LAI (Zhu et al., 2016), as it is better suited for our global study, in which we 
aimed to emphasize the importance of land-use management, including different 
cropping cycles (single/multiple) and temporal changes. The annual average LAI has the 
advantage of being simple, can be evaluated for all regions of the globe, including those 
with multiple growing seasons, a year-long growing season in the tropical humid forests 
and when the growing season spans two calendar years. It does not suffer from certain 
limitations of growing season-integrated LAI, namely, the subjective use of thresholds to 
define the start and end dates of a growing season and interpolation of 16-day composite 
satellite data to a daily resolution (Park et al., 2016). 
Table 3.2 Changes in leaf area globally by sensor and time period. 








Net change in 
leaf area per 
decade (million 
km2) 
Net change in 
leaf area per 
decade (%, in 
comparison 
with the 1st year 
of each period) 
MODIS (2000–2017) 34.10 4.85 3.17 2.32 
AVHRR (2000–2016) 22.42 13.54 1.47 2.19 





3.3. Results and Discussion 
3.3.1. The Earth Is Greening 
According to MODIS data, one-third of the global vegetated area is greening and 
5% is browning. This translates to a net increase in leaf area of 2.3% per decade (Figure 
3.1 and Table 3.2), which is equivalent to adding 5.4 × 106km2 of new leaf area over the 
18-year period of the record (2000 to 2017; Table 3.3). Two-thirds of this greening is 
from croplands and forests in about equal measure (Table 3.4). The greening is 
prominently clustered in seven regions across six continents—most notably in China and 
India (Figure 3.1), which together account for nearly one-third of the observed total net 
increase in green leaf area globally (China 25% and India 6.8%, Tables 3.3 and 3.5). This 
greening is seen over 65% of the vegetated lands in the two countries (Table 3.6). 
 
Figure 3.1. Map of trends in annual average MODIS LAI over 2000–2017. Statistically significant 
trends (Mann-Kendall test, p ≤ 0.1) are color coded. Grey areas show vegetated land with statistically 
insignificant trends. White areas depict barren lands, permanent ice-covered areas, permanent 
wetlands and built-up areas. Blue areas represent water. The inset shows the frequency distribution 
of statistically significant trends. The highlighted greening areas in red circles overlap with croplands 
mostly with the exception of circle number 4. Similar patterns are seen at p ≤ 0.05 and the seven 








Figure 3.2. Maps of trends in annual average AVHRR LAI3g. (a) 2000–2016. (b) 1982–2016.  
Statistically significant trends (Mann-Kendall test, p≤0.1) are color coded. Grey areas show vegetated 
lands with statistically insignificant trends. White areas depict barren lands, permanent ice-covered 
areas, permanent wetlands and built-up areas. Blue areas represent water. The insets show the 
frequency distribution of statistically significant trends. The highlighted areas in red circles are 
prominent greening clusters seen in MODIS LAI data (Figure 3.1). The greening cluster 4 is only 
seen in the longer record of AVHRR LAI3g data. Similarly, greening clusters 8 and 10 (in blue) are 
seen in the longer record of AVHRR LAI3g data only, while the browning cluster 9 (in blue) is seen 





Figure 3.3. Comparison of LAI trends from the MODIS and AVHRR sensors for the overlapping 
period 2000 to 2016. Trends from the two sensors agree in about 61% of the global vegetated area 
and disagree over the rest. Agreement signifies that the LAI trends from the two sensors show 
statistically significant greening or browning, or both show statistically insignificant trends. Land 
areas shown in white are non-vegetated areas, or areas for which data from one or both sensors are 
lacking. The disagreement is mostly seen in tropical humid areas and Northern high latitudes where 
data quality is poor due to persistent cloud coverage or extreme sun-sensor geometries. The spatial 
resolution of MODIS LAI product (500 m) was downgraded to match the spatial resolution of 








Figure 3.4. Maps of broad vegetation classes and agricultural Net Primary Production (NPP). (a) 
Global map of the distribution of broad vegetation classes used in presented analysis. The broad 
vegetation classes are aggregated from year 2007 MCD12C1 product (also known as MODIS land 
cover type product, see Methods). OWV refers to other woody vegetation. (b) NPP for global 
croplands in year 2009 at half-degree resolution, according to Wolf et al. (2015). This underlying 
image is a screen-shot of Figure 3 in Wolf et al. (2015). The numbered-circled areas shown on these 
two maps are identical to the ones shown in Figure 3.1 to highlight the strong greening trends in 
croplands globally. 
We compare the above results to those from AVHRR data (Zhu et al., 2016), 
which we have recently updated using the same method described previously (Zhu et al., 
2013), for completeness. AVHRR data from the comparable period (2000–2016) show 
less greening (22% of vegetated lands) and more browning (14%) (Table 3.2). Nearly 
60% of the net increase in leaf area is from croplands, whereas forests show a net 




approximately match to the AVHRR data, albeit with lower spatial extents and weaker 
magnitudes, and the sub-Saharan cluster is missing from the AVHRR analysis (Figure 
3.2a). The data from the two sensors agree on the magnitude of greening in China and 
India (Table 3.6), probably because of the lower base LAI values (Table 3.5), larger 
spatial extents of greening (66 and 69%, respectively; Table 3.7) and higher relative 
changes in leaf area (18 and 11%, respectively; Table 3.5). Globally, LAI trends from the 
two sensors agree over 61% of the vegetated area and the disagreement is mostly in 
tropical humid areas and at Northern high latitudes, where the quality of the AVHRR 
data is poor (Figure 3.3). The full AVHRR record (1982–2016) shows more greening 
(41%) and browning (11%) in comparison to the shorter MODIS record, and the patterns 
exhibit both similarities (red circles in Figure 3.2b) and important differences (blue 
circles). The two are not expected to be comparable, although both point to a Greening 
Earth (Myneni et al., 1997; Park et al., 2016; Vickers et al., 2016; Xu et al., 2013; Zhou et 
al., 2001; Zhu et al., 2016). These results are consistent with recent independent estimates 




Table 3.3. Net changes in leaf area (10–1 million km2) over the period 2000–2017, i.e. the difference 
between greening and browning. 
 Forests Other woody 
vegetation 
Grasslands Croplands All vegetation 
Global 16.72 11.50 7.85 17.85 53.91 
By latitude 
>50° S/N 4.78 3.48 0.80 2.36 11.41 
25° S/N–50° S/N 8.87 3.38 4.61 10.76 27.62 
25° S–25° N 3.08 4.64 2.44 4.73 14.88 
By mean annual temperature (MAT) 
MAT < 10 °C 7.48 3.61 4.04 5.23 20.36 
MAT 10–25 °C 7.92 5.82 2.46 7.70 23.89 
MAT > 25 °C 1.32 2.06 1.35 4.92 9.65 
By annual total precipitation (ATP) 
ATP < 500 mm 1.76 4.08 3.86 2.66 12.35 
ATP 500–1000 
mm 7.37 2.29 1.30 9.23 20.20 
ATP > 1000 mm 7.59 5.13 2.69 5.95 21.35 
Table 3.4. Net changes in leaf area per decade (10–1 million km2) globally by biome type, sensor and 
time period. 
Sensor & time period Forests Other 
woody 
vegetation 
Grasslands Croplands All 
vegetation 
MODIS (2000–2017) 9.84 6.76 4.61 10.50 31.71 
AVHRR (2000–2016) –0.29 4.44 2.17 8.41 14.73 





Table 3.5. Ranking of eleven largest countries by leaf area and its change during 2000–2017. 
Rank Annual average leaf area 
in 2000 (million km2) 
Net change in leaf area  
(10–1 million km2) 
Net change in leaf area  
(%) 
1 Brazil (29.68) China (13.51) China (17.80) 
2 Russia (12.36) Russia (7.57) India (11.10) 
3 USA (8.93) EU* (4.02) EU* (7.78) 
4 Indonesia (8.69) India (3.65) Canada (7.13) 
5 D. R. Congo (8.50) USA (3.59) Russia (6.62) 
6 China (7.64) Canada (3.35) Australia (5.62) 
7 Canada (5.41) Australia (2.83) USA (4.55) 
8 EU* (5.23) Brazil (1.12) Mexico (4.07) 
9 Australia (5.19) Mexico (0.96) Argentina (1.70) 
10 India (3.33) D. R. Congo (0.96) Brazil (1.54) 
11 Mexico (2.66) Indonesia (0.51) D. R. Congo (1.34) 
12 Argentina (2.16) Argentina (0.13) Indonesia (0.83) 
1 The following large countries were excluded because of unfavorable climatic conditions for 
vegetation growth: Algeria, Kingdom of Denmark that includes Greenland, Kazakhstan and Saudi 
Arabia. European Union is included here, although it is not a country. 
Table 3.6. Changes in green leaf area of China and India by sensor and time period. 
Sensor & time period Proportion of vegetated 
lands showing greening 
(%) 
Net change in leaf area 
per decade (10–1 million 
km2) 
Net change in leaf area per 
decade (%, in comparison 
with the 1st year of each 
period) 
China 
MODIS (2000–2017) 65.56 7.95 10.47 
AVHRR (2000–2016) 44.72 6.87 8.59 
AVHRR (1982–2016) 49.41 2.95 3.96 
India 
MODIS (2000–2017) 69.02 2.15 6.53 
AVHRR (2000–2016) 48.30 2.25 6.66 





Table 3.7. Ranking of eleven largest countries by vegetated land area and proportion of vegetated 
lands showing statistically significant trends. 
Rank Vegetated land area 
(million km2) 
Proportion of vegetated 
lands showing greening 
(%) 
Proportion of vegetated 
lands showing browning 
(%) 
1 Russia (16.04) India (69.0) Brazil (11.6) 
2 USA (8.91) China (65.6) Indonesia (6.8) 
3 Canada (8.47) EU* (51.4) Argentina (6.7) 
4 Brazil (8.31) Canada (41.6) Canada (5.7) 
5 Australia (7.50) Russia (38.0) D. R. Congo (4.5) 
6 China (7.19) USA (33.3) USA (2.9) 
7 EU* (4.22) Mexico (28.4) Russia (2.7) 
8 India (2.94) Brazil (25.6) Mexico (2.4) 
9 Argentina (2.57) Australia (24.4) China (1.3) 
10 D. R. Congo (2.28) D. R. Congo (23.7) EU* (1.3) 
11 Mexico (1.88) Indonesia (19.7) Australia (0.8) 
12 Indonesia (1.80) Argentina (13.2) India (0.8) 
1 The following large countries were excluded because of unfavorable climatic conditions for 
vegetation growth: Algeria, Kingdom of Denmark that includes Greenland, Kazakhstan and Saudi 
Arabia. European Union is included here, although it is not a country. 
3.3.2. Human Land Use Is a Dominant Driver of the Greening Earth 
The above results provide at least four arguments in favour of a greater role for a 
direct human driver than previously thought (Myneni et al., 1997; Nemani et al., 2003; 
Zhu et al., 2016). First, cropland greening contributes the most to the net increase in leaf 
area globally since 2000 (33%, Table 3.3). Six out of seven greening clusters (Figure 3.1) 
overlap with the areal pattern of agricultural primary productivity that has previously 
been derived independently (Wolf et al., 2015) (Figure 3.4). Cropland greening is mainly 
attributable to the direct driver, without discounting the minor but opposing (Lobell, 
Schlenker, & Costa-Roberts, 2011; Rosenzweig & Parry, 1994) contributions of the 
indirect drivers (CO2 fertilization has been reported to increase crop production, whereas 
climate change has been reported to increase or decrease crop yields depending on the 




multiple cropping, irrigation, fertilizer use, pest control, better quality seeds, farm 
mechanization, credit availability and crop insurance programmes (Jain, 2010). Second, 
the suggestion that the CO2 fertilization effect on greening should be seen prominently in 
hot and arid environments, where water limits plant growth (Donohue et al., 2013; 
McMurtrie et al., 2008), is not apparent in our analysis. Overall, greening of natural 
vegetation from these regions (a mean annual temperature (MAT) greater than 25 °C of 
13% and an annual total precipitation (ATP) less than 500 mm of 27%) contributes much 
less than those from mild (MAT < 25 °C, 87%) and wet (ATP > 500 mm, 73%) climates 
(Table 3.3)—this is also true when Table 3.3 entries are adjusted for vegetated area in 
each climate class. Third, compared to indirect drivers, gains from cropland production in 
the northern temperate regions, which overlap with the greening patterns presented here 
(Table 3.3), contribute more toward explaining the increasing amplitude of the seasonal 
cycle of atmospheric CO2 concentration (N. Zeng et al., 2014). Finally, the large 
contribution of northern temperate forests to global net greening (16%, Table 3.3) 
indicates that large-scale tree plantations in previously low-productive areas of China and 
silvicultural practices in developed countries are important, further highlighting the role 












Figure 3.5. Trends in forests and other woody vegetation of China. (a) Trend in annual average LAI. 
(b) Change in tree cover fraction between 2014–16 and 2000–02 over areas showing statistically 
significant LAI trends in (a). Grey areas show vegetated land with statistically insignificant LAI 
trends or predominantly herbaceous vegetation. White areas depict land that is not vegetated. Black 
lines are boundaries of the first-level administrative divisions. (c)-(d) Areal fraction of tree cover 
fraction (TCF) (c) and non-tree vegetation cover fraction (NTVCF) (d) over forests and other woody 
vegetation that is greater than the climatology during a particular period, i.e. 2000–05, 2006–11, and 
2012–16. Climatology is the mean of values from long-term observations. The colors further confine 
the analysis to LAI greening (green bars), browning (browning bars) and no LAI change (grey bars) 
areas. 
To further appreciate the importance of human land-use management in greening 
the world, we compare the trends in 11 large countries with sizeable populations and 
vegetated lands (Table 3.7). China and India stand out. They are the two most populous 
countries, but rank in the middle in terms of vegetated area. For this reason, and also 
because they are situated in temperate to subtropical climes, they rank either in the 
middle (China) or towards the bottom (India) in terms of annual average leaf area (Table 






































































































































lands that exhibits greening (and browning; Table 3.7). As a consequence, they occupy 
the top ranks in terms of net increase in leaf area, both on an absolute and relative basis 
(Table 3.5). China alone accounts for 25% of the global net increase in leaf area with 
only 6.6% of global vegetated area. This is equal to the net greening in the three largest 
countries, Russia, the United States and Canada, that together hold 31% of the global 
vegetated area (Tables 3.3, 3.5, and 3.7). India is similarly noteworthy. It ranks first (and 
last) in terms of the proportion of vegetated area that exhibits greening (and browning; 
Table 3.7). With only 2.7% of the global vegetated area, India accounts for 6.8% of the 
global net increase in leaf area, which is equal to that in the United States or Canada, 
each of which has three times more vegetated area. This statistic is even more remarkable 
considering that the annual average leaf area of India is two to three times smaller than 
that of Canada and the United States, respectively (Tables 3.5 and 3.7). 
The European Union (EU) lands deserve a special mention in view of the 
prominent greening pattern in Figure 3.1 (circle 3). This region, like China, ranks in the 
middle in terms of vegetated land area (Table 3.7) and average annual leaf area (Table 
3.5) among the large countries studied here. Similar to China, it ranks at the top (third) in 
terms of vegetated lands that exhibit greening and towards the bottom for browning. 
These changes produce a top rank for this region for net increase in leaf area (third)—
55% of which is due to croplands and 34% to forests (nearly all forests are managed in 
the EU). Recent studies traced the greening in European semi-natural vegetation to land-
use practices, principally land abandonment and afforestation (Buitenwerf, Sandel, 




Fuchs et al., 2016). Brazil, on the other hand, ranks towards the bottom, because the 
greening from croplands and pastures is nearly offset by the browning of forests and 
cerrado (X.-P. Song et al., 2018). The dominant cropland contribution to expansive 
greening in China, India, the EU and the United States, highlights the importance of the 
direct driver in global greening. 
3.3.3. China and India Lead in the Greening of the Earth 
We next investigated what factors explain the large-scale greening of China and 
India in the twenty-first century. Forests and croplands contribute 42% and 32%, 
respectively, to the net increase in leaf area of China whereas croplands alone contribute 
82% in the case of India (the contribution of forests in India is minor, 4%, and was 
therefore not discussed in detail). Focusing first on forested lands in China, we note an 
increase (or decrease) in tree (or non-tree) cover in the greening areas (84% of all forests 
and other wooded lands) and the opposite in the few (<1%) browning areas (Figure 3.5). 
Forest inventories reveal a 19% increase in forest area (330 × 103km2) in a single decade 
because of expanding natural forests and afforestation, in equal measures (Table 3.8). 
China is implementing several ambitious programmes (Yao Zhang et al., 2016) to 
conserve and expand forests with the goal of mitigating soil erosion, air pollution and 
climate change (Table 3.9). Already a third of the 2.08 × 106km2 of current forests are 
plantations (Table 3.8) with rapidly growing young trees that are less than 40 years old 
(Yuan Zhang, Yao, Wang, Liu, & Piao, 2017a). For example, the mean LAI trend 
(0.23 m2 per m2 per decade) for regions with a planted forest fraction (PFF) ≥ 10% is 53% 




Similarly, the mean tree cover trend (6.18% per decade) for regions with PFF ≥ 10% is 
29% greater than the mean tree cover trend (4.90% per decade) for regions with 
PFF < 10%. Other recent studies attest to the success of these programmes in terms of 
ameliorating land degradation (Tong et al., 2018), lowering surface temperatures (Peng et 
al., 2014) and facilitating carbon sequestration (F. Lu et al., 2018), but a strain on water 
resources has also been noted (Feng et al., 2016). All of this emphasizes the importance 
of human actions for the greening of the wooded lands of China. 
Table 3.8. Changes in forest area calculated from inventory data in China. 
Time period Forest area (106 
km2) 
Accumulated 




1999-2003 1.75 0.54 18.21 
2004-2008 1.95 0.62 20.36 
2009-2013 2.08 0.69 21.63 
Change (1999-2013) 0.33 (19%) 0.16 (30%) 3.42 (19%) 





Table 3.9. Major afforestation programs under implementation in China.  
Program Name Brief Summary 
Three North Shelterbelt Development 
Program (TNSDP) 
Also known as the “Green Great Wall,” this 
program started in November 1978 with the 
goal of increasing forest cover from 5.05% 
(1978) to 15.95% (2050) over the semi-arid 
“Three North” regions (M.-M. Li et al., 2012). 
This is an area of 4.07 million km2 covering 
13 provincial districts in northern China 
including Beijing, Gansu, Hebei, 
Heilongjiang, Jilin, Liaoning, Inner Mongolia, 
Ningxia, Qinghai, Shaanxi, Shanxi, Tianjin 
and Xinjiang. The afforestation program is 
designed for (1) sandstorm and (2) soil and 
water erosion reduction, (3) vegetation 
restoration, (4) forest conservation and (5) 
cropland protection. It has been reported that 
the forest cover reached 13.02% in 2016 
(http://www.hebly.gov.cn). 
  
Beijing-Tianjin Sand Source Control Program 
(BSSCP) 
This has been implemented since 2001 with the 
aim of reducing impacts of sandstorms. The 
first stage was completed in 2010, which 
covered 0.46 million km2 over five provincial 
districts (i.e. Beijing, Hebei, Inner Mongolia, 
Shanxi, and Tianjin) 
(http://www.forestry.gov.cn). The second 
stage, which expanded to Shaanxi province, 
was launched in 2013 and is expected to finish 
in 2022 (http://www.forestry.gov.cn). Forest 
inventory data shows that forest cover within 
BSSCP has increased by 12.13% from 2000 to 
2013 (http://www.forestry.gov.cn). 
  
Natural Forest Conservation Program (NFCP) This program has been launched in 1998 and it 
is projected to run through 2050 (H. Yang, 
2017). Three stages have been adopted: 
experimentation stage (1998-2000), stage I 
(2001-2010) and stage II (2011-2016). The 
program aims to protect ecological 
environment and enrich biodiversity, e.g. 
facilitating forest restoration by controlling 
harvests and minimizing the impact of natural 
disturbance (H. Yang, 2017) 
(http://www.forestry.gov.cn). The program 
covers 18 provincial districts: Chongqing, 




Hubei, Hunan, Inner Mongolia, Jiangxi, Jilin, 
Ningxia, Qinghai, Shaanxi, Shanxi, Sichuan, 
Xinjiang and Yunnan. Compared to the 
TNSDP, NFCP covers many regions in 
southern China because most of the natural 
forests in China are in the south. 
  
Grain to Green Program (GTGP) It is China’s largest ecological engineering 
program that was initiated in 1999, mainly 
focusing on mountainous regions 
(http://www.forestry.gov.cn). This program 
aims to (1) reclaim croplands back to forests, 
(2) afforest semi-arid mountainous regions and 
(3) reinforce forest conservation 
(http://www.forestry.gov.cn). This program 
centralizes the croplands which increased crop 
production by 24% in 2013 as compared to 
1998. By 2013, there are still 10% of the 
cropland areas that have the potential to be 
restored to forests in the future 
(http://www.forestry.gov.cn). The program 
covers 25 provincial districts: Anhui, Beijing, 
Chongqing, Gansu, Guangxi, Guizhou, 
Hainan, Hebei, Heilongjiang, Henan, Hubei, 
Hunan, Inner Mongolia, Jiangxi, Jilin, 
Liaoning, Ningxia, Qinghai, Shaanxi, Shanxi, 
Sichuan, Tianjin, Tibet, Xinjiang and Yunnan. 
 
A recent study (Chakraborty, Seshasai, Reddy, & Dadhwal, 2018) has reported 
browning trends in natural vegetation of India using MODIS normalized difference 
vegetation index (NDVI) data, but our reanalysis of the same data does not support this 
conclusion. The previous study (Chakraborty et al., 2018) focused exclusively on the 8% 
and 4% browning proportions in forests and other woody vegetation classes while 
ignoring the 19% and 48% greening proportions in these two classes, during the period of 
their investigation (2001–2014; Table 3.10). The greening proportions increase to 47% 
and 55% and the browning proportions decline to 1% and 0.5% for the full record (2000–




is comparable to the previously published (Chakraborty et al., 2018) estimate of 
55,000 km2. However, this decreases to 5,000 km2 during the full record (2000–2017). 
Greening, on the other hand, is seven times greater (283,300 km2) during the shorter 
period and increases to being 80 times greater (401,800 km2) for the full record. An 
independent study (Yulong Zhang et al., 2017b) of trends in MODIS vegetation indices 
confirms our results. 
Table 3.10. Areal statistics for trends in LAI and NDVI for India. 








Greening (%) 2.79 (31.36) 10.29 (59.25) 0.81 (45.09) 55.12 (76.65) 69.02 
Browning (%) 0.30 (3.33) 0.19 (1.07) 0.03 (1.70) 0.28 (0.39) 0.79 
NDVI 2000-2017 
Greening (%) 4.19 (47.04) 9.48 (54.55) 0.73 (40.16) 52.55 (73.06) 66.94 
Browning (%) 0.10 (1.16) 0.07 (0.43) 0.02 (0.88) 0.24 (0.33) 0.43 
NDVI 2001-2014 
Greening (%) 1.68 (18.88) 7.96 (45.79) 0.45 (24.73) 48.33 (67.20) 58.41 
Browning (%) 0.72 (8.13) 0.72 (4.17) 0.05 (2.71) 0.69 (0.96) 2.19 
1 Numbers inside parenthesis are relative areal fraction whose denominator is the area of each 
vegetation type. Numbers outside parenthesis are absolute areal fraction whose denominator is the 




Table 3.11. Statistics from FAO of the top four agricultural countries and European Union. 
Country 2000 2014 Change (%) 
Dry matter production (million tonnes) 
Brazil 165.3 354.7 114.6% 
China 569.9 792.9 39.1% 
India 347.8 470.6 35.3% 
USA 424.5 536.5 26.4% 
EU 341.9 381.3 11.5% 
Fertilizer application (million tonnes) 
Brazil 5.8 13.9 138.2% 
China 29.7 47.2 58.9% 
India 16.2 25.6 58.0% 
USA 17.5 18.8 7.5% 
EU 18.9 14.1 –25.1% 
Harvested area (1000 ha) 
Brazil 50485 75679 49.0% 
India 177421 199976 12.7% 
China 161330 178059 10.4% 
United States 101414 102751 1.3% 
EU 88793 83392 -6.1% 
1 Data source: INRA, CIRAD, AFZ, FAO (https://www.feedipedia.org/node/) and United States 
Department of Agriculture (https://ndb.nal.usda.gov/ndb/). 
2 These “big five” account for about 70% of global food production and fertilizer application. 
 
With regards to cropland greening in China and India, we note that the two 
countries had comparable and stable land areas under crop cultivation since 2000 (about 
1.92 and 2.11 × 106km2, respectively, Figure 3.6). Still, total food production (for 
example, grains, fruits and vegetables) has increased significantly (by 35% to 40%) 
according to our analysis of data from the Food and Agriculture Organisation ((FAO); 
Table 3.11; http://www.fao.org/faostat/). For example, the total cereal production in 
China has increased by 43% from 407 × 106tonnes in 2000 to 583 × 106tonnes in 2016. 




same period (from 235 to 295 × 106tonnes). This is largely because of the increase in 
harvested area through multiple cropping (Ray & Foley, 2013) (Figure 3.6), which results 
in the observed greening trends. Agricultural intensification in China and India is being 
facilitated by heavy fertilizer use (C. Lu & Tian, 2017) and surface- and/or groundwater 
irrigation (Ambika, Wardlow, & Mishra, 2016; Mueller et al., 2012)—the two currently 
rank at the top for the amount of fertilizer use (Table 3.10). Harvested land area at the 
global scale grew approximately four times faster than the cropland area since 2000 in 
large part due to these practices in China, India and Brazil (Ray & Foley, 2013) and this 
is reflected in the MODIS greening patterns (Figure 3.1). Of particular interest is the 
leading and impressive relative changes in agricultural production, fertilizer use and 
harvested area in Brazil; however, this is due to starting from lower base values (Table 
3.11). The observed large-scale greening of China and India is a harbinger of food self-
sufficiency for 2.7 billion people in the two top ranked countries in terms of agricultural 
output (nominal gross domestic product of US$1.1 and 0.41 trillion, respectively, in 2015 

















Figure 3.6. Leaf area trends in croplands of China and India. (a)-(b) Trend in annual average LAI 
over croplands in China (a) and India (b). (c)–(e) Ratio of harvested area (circle) and arable area 
(asterisk) with respect to year 2000 values for China (c), India (d) and the world (e). The asterisk 
circled in red in (c) is an outlier. The vertical dash line in (e) indicates the year 2000. 
3.4. Concluding Remarks 
A third of the global vegetated lands are currently greening—that is, becoming 
more productive—in a pattern that is reflective of intensive human use of land for crops 
and forests across all continents, but most prominently in the two populous countries 
China and India. This suggests that human land-use management is an important driver of 
the Greening Earth (Myneni et al., 1997; Park et al., 2016; Vickers et al., 2016; Xu et al., 




























































































2013; Zhou et al., 2001; Zhu et al., 2016), accounting for a third, and probably more, of 
the observed net increase in green leaf area. Therefore, one of the priorities for Earth 
System Model refinement is a realistic representation of the spatio-temporal dynamics of 
key land-use practices—multiple cropping, irrigation and fertilizer use, fallowing and 
abandonment of land, afforestation, reforestation and deforestation. Although human 
exploitation of land will remain a complex dynamic endeavour, monitoring this using 
spaceborne datasets, especially high-spatial-resolution data, may offer insights into how 
this may be realistically represented in models. Finally, it is important to note that the 
gain in greenness, which mostly occurred in the Northern temperate and high latitudes, 
does not offset the damage from loss of leaf area in tropical natural vegetation (for 
example, in Brazil, Democratic Republic of the Congo and Indonesia; Tables 3.5 and 3.7) 




CHAPTER 4: Biophysical Impacts of Earth Greening Largely Controlled by 
Aerodynamic Resistance 
This chapter is under review: Chen, C. et al. (2020). Biophysical Impacts of Earth 
Greening Largely Controlled by Aerodynamic Resistance. 
4.1. Introduction 
Vegetation is a key regulator of land-atmosphere exchanges of heat, mass, and 
momentum (Bonan, 2008; Sellers et al., 1997). Satellite records of leaf area index (LAI), 
a measure of the aboveground vegetation abundance, indicate widespread increasing 
trends since the 1980s (Piao et al., 2019), due to warming (Myneni et al., 1997; Xu et al., 
2013), CO2 fertilization (Zhu et al., 2016)6, and land management (C. Chen et al., 2019a; 
X.-P. Song et al., 2018; N. Zeng et al., 2014). The Earth greening alters biophysical 
factors such as albedo (𝛼), aerodynamic resistance (𝑟¦), surface resistance (𝑟,), and 
emissivity (ε). Changes of these biophysical factors can strongly affect the surface energy 
budget and the radiometric land surface temperature (LST). To be specific, albedo 
controls the fraction of solar radiation absorbed by the surface; aerodynamic 
resistance	regulates the efficiency of turbulent transport of heat and water vapor between 
the land and air; surface resistance is the additional resistance to water vapor during its 
transport through the pores on leaves (stomata) or in the soil: higher LAI leads to lower 
𝑟,; emissivity is the effectiveness of a surface in emitting and absorbing longwave 
radiation. 
Despite their importance, the magnitude of these biophysical changes associated 




remain poorly understood (Bonan, 2008; Forzieri et al., 2017; Forzieri, Alkama, Miralles, 
& Cescatti, 2018a; Yue Li, Zeng, Huang, Lian, & Piao, 2018b; Z. Zeng et al., 2017). It is 
also unclear which biophysical factor dominates the effects of the Earth greening on LST. 
A global modeling study, combined with an attribution method, suggested that changes in 
aerodynamic resistance caused by the increasing LAI play a negligible role (Z. Zeng et 
al., 2017). On the other hand, numerous observation-based studies demonstrate that 
aerodynamic resistance is the most critical biophysical factor that controls the LST 
response to vegetation changes (Lee et al., 2011; Liao et al., 2018; Winckler et al., 2019). 
Therefore, quantifying the biophysical impact of the Earth greening on LST and 
addressing the dominate biophysical factor frame the scope of our study. 
It is important to stress, above all, that the biophysical impacts of the Earth 
greening on LST cannot be simply quantified by the observed changes in LST from 
satellites. The observed changes in LST are the compound effects of Earth greening and 
large-scale climate change (Figure. 4.1) – here the Earth greening means the increasing 
trend in LAI, and the large-scale climate change refers to the changing atmospheric 
conditions such as the rising air temperature. It is further complicated that the Earth 
greening and the large-scale climate change are correlated (Yue Li, Zeng, Huang, Lian, & 
Piao, 2018b; Z. Zeng et al., 2017), raising the question of whether the Earth greening in 
the boreal zone is a cause of or a response to the global warming (Forzieri et al., 2017; 
Forzieri, Alkama, Miralles, & Cescatti, 2018a; Yue Li, Zeng, Huang, Lian, & Piao, 
2018b). In this study, we do not aim to quantify the interplay between the Earth greening 




on LST independent of those from the large-scale climate change such as the rising air 
temperature. 
 
Figure 4.1. Schematic diagram of mechanisms affecting LST. The paths in blue arrows will lead to 
LST change through biophysical factors due to LAI change, ∆𝑻𝒔𝒃𝒊𝒐,𝑳𝑨𝑰; the paths in grey arrows will 
lead to LST change through biophysical factors due to large-scale climate change, ∆𝑻𝒔𝒃𝒊𝒐,𝒄𝒍𝒊𝒎, and the 
paths in pink arrows will lead to LST change through atmospheric conditions due to large-scale 
climate change, ∆𝑻𝒔𝒂𝒕𝒎,𝒄𝒍𝒊𝒎. 
To do so, we develop a novel physically-based attribution method, the Two-
Resistance Mechanism (TRM) method (D. Li et al., 2019; Liao et al., 2018; Rigden & Li, 
2017) (sections 4.2.3-4.2.5), to disentangle the biophysical impacts of the Earth greening 
on LST to changes in 𝛼, 𝑟¦, 𝑟,, ε, and ground heat flux (𝐺) through their respective 
sensitivities (e.g., !"#
!¶
). Unlike many previous studies comparing the effects of changes in 
sensible and latent heat fluxes (Duveiller et al., 2018; Forzieri et al., 2017; Yan Li et al., 
2015; Z. Zeng et al., 2017), we make one step further by considering changes in 
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soil moisture and vegetation characteristics), which circumstances the strong correlation 
between sensible and latent heat fluxes through aerodynamic resistance (D. Li et al., 
2019; Liao et al., 2018; Rigden & Li, 2017). 
Changes in biophysical factors are not solely caused by the Earth greening, but 
also caused by the changing atmospheric conditions. For example, changes in surface 
resistance could be a result of changes in LAI, air temperature, and specific humidity (P. 
Wang et al., 2019). Hence to quantify the biophysical impacts of the Earth greening on 
LST, we further consider the sensitivities of biophysical factors to changes in LAI (e.g., 
!¥#
!'()
) using model sensitivity experiments. 
4.2. Methods and Materials 
4.2.1. Model Experiments 
We conduct offline land model simulations using the CLM5, which is part of the 
Community Earth System Model (CESM2) (Lawrence et al., 2018), to study the 
biophysical impacts of Earth greening on the surface climate. In other words, our study 
object is the land surface, not the coupled land-atmosphere system. Therefore, our CLM5 
experiments do not explicitly include the feedbacks of LAI changes on the large-scale 
climate. Instead, we assume that the ambient atmosphere already considers the impacts of 
LAI changes and is essentially the forcing of the land surface. The atmospheric forcing is 
taken from the third phase of the Global Soil Wetness Project (GSPW3 
(http://hydro.iis.u-tokyo.ac.jp/GSWP3/)). All simulations are conducted at 0.47°×0.63° 
resolution with a constant atmospheric CO2 concentration of 367 ppmv in 2000 to 




CLM5 explicitly parameterizes the LAI impacts on surface biophysical factors. 
According to the CLM5 technical note, albedo is influenced by LAI through a two-stream 
approximation where LAI affects the extinction and scattering coefficients (like the Beer-
Lambert Law) (Lawrence et al., 2018). For aerodynamic resistance, the displacement 
height and roughness lengths are both functions of LAI (Lawrence et al., 2018; X. Zeng 
& Wang, 2007). For the surface resistance, CLM5 employs the Medlyn’s model in which 
surface resistance is affected by LAI through photosynthesis and plant hydraulics (Bonan, 
Williams, Fisher, & Oleson, 2014; Lawrence et al., 2018; Medlyn et al., 2011). Lastly, 
emissivity is related to LAI with a negative exponential relationship (Lawrence et al., 
2018). 
To obtain the sensitivities of LST to biophysical factors and the sensitivities of 
biophysical factors to LAI (see Equation (4.1)), we conduct a suite of simulations for the 
period of 2000 to 2014 with prescribed LAI obtained from the Moderate Resolution 
Imaging Spectroradiometer (MODIS): 
• Spin-up run (1990–1999): We prescribe the MODIS LAI climatology, i.e., 
the LAI values change from month to month but have no inter-annual 
variabilities or trends. The spin-up run ensures that the model achieves 
equilibrium under the current climate. 
• Control run (2000–2014): All configurations are the same as the spin-up 




• Sensitivity runs (2000–2014): Compared to the control run, we perturb the 
MODIS LAI climatology by ±2%. There are still no inter-annual 
variabilities or trends for LAI. 
To compare our results to a previous study using multiple regression method 
(Forzieri et al., 2017), we conduct a historical run using CLM5: 
• Historical run (2000–2013): We prescribe monthly MODIS LAI to CLM5. 
MODIS LAI is derived from satellite observations which include 
interannual variabilities. 
4.2.2. MODIS LAI 
The monthly MODIS LAI (0.5°×0.5°, 2001–2013) at plant functional type (PFT) 
level is downloaded from University Corporation for Atmospheric Research (UCAR) 
data archive for CESM2 (https://svn-ccsm-
inputdata.cgd.ucar.edu/trunk/inputdata/lnd/clm2/lai_streams/). For each PFT, we 
calculate the LAI climatology and the perturbed LAI climatology at the monthly scale. 
We use Collection 6 Terra and Aqua MODIS LAI products (MOD15A2H and 
MYD15A2H, available at https://e4ftl01.cr.usgs.gov) (Myneni et al., 2002) to obtain the 
linear trend in annual average LAI (2000–2014). We check the quality flag for the LAI 
products to exclude low-quality observations contaminated by clouds, aerosols, shadows, 
snow and/or ice. We apply the same preprocess procedure as documented in a previous 
study (C. Chen et al., 2019a), and resample the dataset to 0.5°×0.5° to conform to the 
resolution requirement of CLM5’s inputs. We calculate the trend in annual average LAI 




project.org/web/packages/zyp/index.html) at P ≤ 0.1. The quality of MODIS LAI was 
comprehensively evaluated against ground-based measurements and through inter-
comparisons with other satellite-retrieved LAI products (K. Yan, Park, Yan, Chen, et al., 
2016a; K. Yan, Park, Yan, Liu, et al., 2016b). The trend of MODIS LAI is also consistent 
with AVHRR LAI and other LAI data sets proved by a wide range of previous studies (C. 
Chen et al., 2019a; Piao et al., 2019). 
4.2.3. Diagnosis of the Biophysical Impacts on LST 
As a result of post-industrial human activities, the atmospheric CO2 concentration 
has increased and the land surface has undergone substantial changes. These factors 
collectively contribute to large-scale climate change and the observed widespread 
vegetation greening (i.e., LAI change) (Heimann & Reichstein, 2008). Figure 4.1 shows 
that both large-scale climate change (the grey paths) and LAI change (the blue paths) can 
result in changes in surface biophysical factors (Brutsaert, 2005; Garratt, 1994; Jarvis, 
1976; Kala et al., 2014; Stewart, 1988; Stull, 1988) (such as albedo, aerodynamic 
resistance, and surface resistance) which finally lead to changes in LST (Liao et al., 2018; 
Rigden & Li, 2017), denoted as ∆𝑇,
-./,·¸.¹ (the grey and red paths) and ∆𝑇,
-./,'()  (the 
blue and red paths), respectively. In addition, large-scale climate change can cause 
changes in LST without altering the biophysical factors (the pink path, denoted as 
∆𝑇,
¦º¹,·¸.¹ , Figure 4.1) (Garratt, 1994; Stull, 1988). For example, when the air 
temperature increases, LST would respond even if all the biophysical factors remain the 





-./,'() . The final expression of the greening-induced LST change 






































where ∆𝐿𝐴𝐼,¦º	is the satellite-derived long-term trend in LAI (Figure 4.2) multiplied by 
the length of the study period (15 yrs); !"#
$%&
!'()






















 are sensitivities of biophysical factors to LAI. 
These sensitivities are estimated from CLM5 outputs (sections 4.2.4-4.2.5) and further 
examined from a combination of CLM5 outputs with reanalysis data and fully-coupled 





Figure 4.2. Maps of broad vegetation classes and trend in MODIS annual average LAI. (A) Map of 
trends in annual average MODIS LAI from 2000 to 2014. Statistically significant trends (Mann–
Kendall test, p ≤ 0.1) are color-coded. Grey areas show vegetated land with statistically insignificant 
trends. White areas depict barren lands, permanent ice-covered areas, permanent wetlands and 
built-up areas. Blue areas represent water. (B) Global map of the distribution of broad vegetation 






4.2.4. Sensitivities of LST to Biophysical Factors 
Sensitivities of LST to biophysical factors are analytically computed from the 
outputs of CLM5 prescribed with LAI climatology using the TRM method. We further 
examined these sensitivities using reanalysis data (Modern-Era Retrospective analysis for 
Research and Applications Version 2, MERRA-2) and outputs from seven fully-coupled 
CMIP5 (the fifth phase of the Coupled Model Intercomparison Project) models 
(ACCESS1-0, ACCESS1-3, CCSM4, HadGEM2-ES, IPSL-CM5A-LR, IPSL-CM5A-
MR, NorESM1-M) (details in section 4.2.6). We choose these seven CMIP5 models 
because only they provide all required inputs for the TRM method (Rigden & Li, 2017). 
We start with the surface energy balance equation, which is expressed as: 
𝑅v = 𝑆.v(1 − 𝛼) + ε𝐿.v − 𝜖𝜎𝑇,Ì = 𝐻 + 𝐿𝐸 + 𝐺 (4.2) 
where 𝑅v is the net radiation; 𝑆.v and 𝐿.v are the incoming shortwave and longwave 
radiation, respectively; 𝛼 and ε are the albedo and emissivity, respectively; 𝐻 and 𝐿𝐸 are 
the sensible and latent heat fluxes, respectively; ε𝜎𝑇,Ì is the outgoing longwave radiation 
where 𝜎 is the Stefan-Boltzmann constant and 𝑇, is the LST. Further connecting 𝐻 and 









[𝑞,∗(𝑇,) − 𝑞¦] (4.4) 
where 𝜌 is the air density, 𝑐Ñ is the specific heat of air at constant pressure, 𝐿Ò is the 




humidity. The use of aerodynamic resistance (𝑟¦) and surface resistance (𝑟,) gives rise to 
the name of the attribution method (Two-Resistance Mechanism method (D. Li et al., 
2019; Liao et al., 2018; Rigden & Li, 2017)). We note that the TRM method calculates 
the bulk 𝑟¦ and 𝑟, using Equations (4.3 and 4.4). 
Substituting Equations (4.3 and 4.4) into Equation (4.2) yields a non-linear 
equation for 𝑇, provided that all other variables are given as inputs. This equation is 
further linearized following previous studies (D. Li et al., 2019; Liao et al., 2018; Rigden 
& Li, 2017) , so that an analytical expression for 𝑇, can be obtained, as follows: 
𝑇, =




1 + 𝑓 + 𝑇¦ 
(4.5) 
where, 


























and 𝑒∗is saturation vapor pressure, 𝑃 is atmospheric pressure at the surface. With the 






































































ã(𝐿.v − 𝜎𝑇¦Ì) −











































































. To use the TRM attribution method, the required input 
variables include incoming shortwave radiation, outgoing shortwave radiation, incoming 
longwave radiation, sensible heat flux, latent heat flux, ground heat flux, emissivity, 
surface pressure, as well as air temperature, specific humidity, and air density at the 
lowest atmospheric model level (about 30 m above the land surface) (Rigden & Li, 
2017). We exclude all negative aerodynamic resistance and/or surface resistance 
(physically meaningless) inferred from Equations (4.3 and 4.4). We calculate the 
sensitivities for each year, and take the median of these sensitivities from 2000 to 2014 
for the consequent analyses. 
4.2.5. Sensitivities of Biophysical Factors to LAI 
We use outputs from the CLM5 control run and sensitivity runs to estimate the 
sensitivities of biophysical factors to LAI (Equation (4.1)). For example, the albedo 









where the subscripts ‘sen’ and ‘ctl’ indicate sensitivity and control simulations, 
respectively. Note that 𝛼 can be replaced with 𝑟¦, 𝑟,, ε and 𝐺. As mentioned in the model 
experiments, there are two sensitivity runs (i.e., perturb the MODIS LAI climatology by 
±2%). For each year, we calculate the average sensitivities of biophysical factors to LAI 
estimated from the two combinations of sensitivity runs and the control run. We take the 
median sensitivities from 2000 to 2014 for the consequent analyses. Due to a lack of 
analytical forms of the sensitivities of biophysical factors to LAI, they can only be 
approximated by offline model simulations to exclude the confounding effects from the 
changes in atmospheric conditions (section 4.2.3). 
4.2.6. The Robustness of the TRM Method and the Diagnosed Sensitivities 




 (by TRM) against the sensitivity ( ∆"#
∆'()
) directly calculated from CLM5 
control run and sensitivities runs. Similar to the biophysical sensitivities to LAI, the ∆"#
∆'()
 













calculated from CLM5 to those (1) from MERRA-2 (0.625°×0.5°, 2000-2017) and (2) 
from seven CMIP5 historical runs (resolution varies by model, 2000-2005). This can 






) diagnosed from 




fully-coupled CMIP5 simulations. MERRA-2 is the latest version of reanalysis data 
produced by NASA’s Global Modelling and Assimilation Office (Gelaro et al., 2017), 
which considers the interactions between lands, atmosphere, and oceans, as well as 
assimilates observational data (Gelaro et al., 2017). CMIP5 historical runs are fully-
coupled simulations of recent past that impose changing conditions consistent with 
observations, which includes the effects of anthropogenic and volcanic influences as well 
as solar activities. 
Third, we calculate the !"#
$%&
!'()
 using a combination of MERRA-2, CMIP5 and 













 are estimated from CLM5. In other words, we compared the hybrid !"#
$%&
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estimated purely from CLM5 outputs. 
Fourth, we estimate the sensitivity of LST to LAI using the identical multiple 




𝛿𝑇, = 𝑎 + 𝑏 ∙ 𝛿𝐿𝐴𝐼 + 𝑐 ∙ 𝛿𝑃𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛 + 𝑑 ∙ 𝛿𝑆𝑊.v  (4.20) 
where 𝛿𝑇, , 𝛿𝑃𝑟𝑒𝑐𝑖𝑝𝑖𝑡𝑎𝑡𝑖𝑜𝑛 and 𝛿𝑆𝑊.v  are the annual anomalies from CLM5 historical 
run, and 𝛿𝐿𝐴𝐼 is the anomaly from MODIS LAI product. Naturally, !"#
øùú
!'()
 is the slope b in 
Equation (4.20). Other coefficients 𝑎, 𝑐 and 𝑑 are not discussed in this paper. Besides, we 
conducted an additional multiple regression which includes the interannual variability of 
air temperature to get a new !"#
øùú
!'()
 to compare with the !"#
øùú
!'()













[𝑓(𝛼)]t + [𝑓(𝑟¦)]t + [𝑓(𝑟,)]t + [𝑓(𝐺)]t + [𝑓(𝜖)]t
× 100%	 (4.21) 





a , 𝑖 = {𝛼,	𝑟¦ ,	𝑟,, 𝜖, 𝐺}. 
4.2.8. The Equivalent Energy of ∆𝑻𝒔𝒃𝒊𝒐,𝑳𝑨𝑰 
We note that the equivalent energy of ∆𝑇,
-./,'()  (denoted as 𝑄) is a rough estimate 
that assumes a constant emissivity of unity all over places with significant LAI trends. 
Thus, 𝑄 is calculated as: 






where 𝐴 is the area of a pixel that varies by latitude, 𝑖 denotes each vegetated pixel with 
nonzero ∆𝑇,
-./,'() , 𝜎 is the Stefan–Boltzmann constant (5.67×10−8 W m−2 K−4), 𝑇i,. is the 
climatology LST of the ith pixel from 2000 to 2014, 𝑡 is the number of seconds in a year 
(3.1536×107 seconds), N is the total years of the study period which is 15, and n is the 
sequential number of year (from 1 to 15). 
4.2.9. MODIS Land Cover Type Product 
The Collection 5.1 MODIS yearly product provides the land cover information at 
0.05°×0.05° known as MCD12C1 (Friedl et al., 2002). We aggregate the International 




into four broad biome types: forests, other woody vegetation (OWV), grasslands, and 
croplands. Forests consist of evergreen needleleaf forest, evergreen broadleaf forest, 
deciduous needleleaf forest, deciduous broadleaf forest, and mixed forest. Other woody 
vegetation refers to closed shrublands, open shrublands, and woody savannas. Grasslands 
include savannas and grasslands. Croplands consist of croplands and croplands/natural 
vegetation mosaic. There are 12 such global maps, one for each year from 2001 to 2012. 
We refine the 12 maps to one map by taking the mode class of each grid cell. Finally, we 
convert the spatial resolution to 0.5°×0.5° (Figure. 4.2B). 
4.3. Results 
4.3.1. Sensitivity of LST to LAI through Biophysical Factors 




reveals a cooling effect due to the Earth greening globally (Figure 4.3A) — 93% of the 
global vegetated area show negative sensitivity with an average of −0.36 ± 0.22 K m2 m−2 
(mean ± one standard deviation, where standard deviation indicates spatial variability). 
We find that the mean magnitude of !"#
$%&
!'()
 is larger in temperate regions (−0.44 K m2 m−2) 
than those in high-latitude (−0.34 K m2 m−2) and tropical regions (−0.29 K m2 m−2) 
(Table 4.1). We also investigated !"#
$%&
!'()
 by classifying the global vegetation into forests, 




 is large in OWV (−0.45 K m2 m−2) and croplands (−0.43 K m2 m−2), 
followed by grasslands (−0.36 K m2 m−2), but weak in forests (−0.23 K m2 m−2) (Table 




change in LAI can significantly alter the efficiency of heat dissipation between the land 
and atmosphere through changing the aerodynamic resistance (Figure 4.4B). The stronger 
sensitivity in dry regions is evidenced by that the magnitude of !"#
$%&
!'()
 increases as 
precipitation decreases (Table 4.1). For croplands, their sensitivity is not only controlled 
by aerodynamic resistance (efficiency of turbulent transport) but also surface resistance 
(water supply for latent heat transfer) as they are highly human-managed (e.g., irrigated) 
(Figure 4.4D). The low !"#
$%&
!'()
 in forests is also as expected due to the saturation effect – 
the same change in LAI would lead to a smaller change in biophysical factors (𝛼, 𝑟¦, 𝑟,) 
as well as LST where LAI is high (Figure 4.5, G-I) (D. Huang et al., 2008; Winckler et 
al., 2019; X. Zeng & Wang, 2007). As a result, the magnitude of !"#
$%&
!'()
 in regions with 
LAI ≤ 1 m2 m−2 (−0.45 K m2 m−2) is much larger than regions with LAI > 4 m2 m−2 
(−0.09 K m2 m−2) (Table 4.1). 
Multiple lines of evidence show that our !"#
$%&
!'()
 diagnosed from CLM5 outputs 
using the TRM method is robust. First, the !"#
$%&
!'()





; section 4.2.6) approximated using the CLM5 
sensitivity experiments by perturbing LAI (Figure 4.3D). This directly demonstrates that 
the TRM method can successfully capture the non-linear response of LST to LAI 
simulated by CLM5. Second, there have been studies reporting CLM’s biases in 
modeling the sensible and latent heat fluxes (Dirmeyer et al., 2018; I. N. Williams et al., 
2016). To demonstrate the robustness of our !"#
$%&
!'()




seven fully-coupled CMIP5 model outputs to compute the sensitivities of LST to 
biophysical factors (e.g., !"#
!¥Æ
), and we find that the results agree well with those 
diagnosed from CLM5 outputs (Figure 4.3, B and C, and Figure 4.6). Third, we also 








solely from CLM5 outputs. 
 




diagnosed by the TRM method using (A) CLM5 outputs, (B) MERRA-2 and CLM5 outputs, and (C) 
CMIP5 multi-model ensemble mean (MMEM) and CLM5 outputs. (D) The sensitivity of 𝑻𝒔 to LAI, 
∆𝑻𝒔
∆𝑳𝑨𝑰




, estimated by the multiple regression method as Forzieri et al. (2017) using CLM5 outputs. (F) 
Changes in 𝑻𝒔 due to LAI through biophysical pathways, ∆𝑻𝒔𝒃𝒊𝒐,𝑳𝑨𝑰. All are from 2000 to 2014 except 





MERRA-2 + CLM5 TRM MMEM + CLM5 TRM




Table 4.1. Mean and standard deviation of the biophysical sensitivity of LST to LAI across bio-
climatic regimes. 
 Forests Other woody 
vegetation 
Grasslands Croplands All vegetation 
Global -0.23±0.12 -0.45±0.32 -0.36±0.23 -0.43±0.17 -0.36±0.22 
By latitude 
>50° S/N -0.28±0.09 -0.37±0.36 -0.07±0.52 -0.44±0.16 -0.34±0.23 
25° S/N–50° S/N -0.26±0.09 -0.58±0.29 -0.47±0.31 -0.45±0.15 -0.44±0.23 
25° S–25° N -0.11±0.05 -0.45±0.23 -0.33±0.13 -0.37±0.18 -0.29±0.19 
By leaf area index (LAI) 
LAI < 1m2m-2 -0.38±0.15 -0.49±0.38 -0.37±0.37 -0.46±0.17 -0.45±0.31 
LAI ∈1–4 m2m-2 -0.25±0.08 -0.33±0.11 -0.33±0.11 -0.39±0.14 -0.30±0.11 
LAI > 4 m2m-2 -0.09±0.02 -0.13±0.03 -0.12±0.02 -0.11±0.02 -0.09±0.02 
By annual total precipitation (ATP) 
ATP < 900 mm -0.29±0.09 -0.47±0.36 -0.35±0.30 -0.43±0.17 -0.40±0.26 
ATP ∈ 900–2000 
mm -0.21±0.10 -0.35±0.13 -0.37±0.15 -0.43±0.16 -0.33±0.16 
ATP > 2000 mm -0.10±0.04 -0.31±0.17 -0.31±0.19 -0.33±0.18 -0.12±0.06 





Figure 4.4. Attribution of 𝝏𝑻𝒔
𝒃𝒊𝒐
𝝏𝑳𝑨𝑰
 with surface biophysical factors for each biome type. (A) Forests. (B) 
Other woody vegetation (OWV). (C) Grasslands. (D) Croplands. Results are diagnosed from CLM5 













































Figure 4.6. Sensitivities of LST to biophysical factors in Equation (1) diagnosed by the TRM method 






 from CLM5. (D-F) Similar to (A-C) but from 







different inputs. CLM5 and MERRA-2 data are from 2000 to 2014, and the CMIP5 data are from 

























a, respectively. (D), 𝝏𝑻𝒔
𝒃𝒊𝒐
𝝏𝑳𝑨𝑰
. Note that the x-axis shows the data sources for 
sensitivities of LST to biophysical factors, while all sensitivities of biophysical factors to LAI are 
estimated from CLM5 outputs. 




 by the long-term change in LAI (i.e., ∆𝐿𝐴𝐼,¦º), we obtain 
the effect of Earth greening on LST (i.e., ∆𝑇,
-./,'() , Equation (4.1)), which is −0.056 ± 
0.046 K over regions with statistically significant LAI trends (Figure 4.3F). The 
magnitude of ∆𝑇,
-./,'()  estimated here is comparable to that reported by a previous study 






the previous study used a different model, this agreement suggests that the Earth greening 
affects LST mostly through biophysical effects with small contributions from 
atmospheric feedbacks. We translate ∆𝑇,
-./,'()  from 2000 to 2014 to changes in energy 
(2.97×1021 joules), which is more than five times the world total primary energy supply 
in 2015 (5.71×1020 joules) (International Energy Agency, 2017). From this perspective, 
the Earth greening-induced cooling effect is also much stronger than the warming caused 
by land cover change from 2000 to 2015 (1.21 ×1020 joules) (Duveiller et al., 2018), 
given that one-third of the global vegetated area show statistically significant trends in 
LAI (C. Chen et al., 2019a). 
Because the change in LST is the product of the sensitivity, !"#
$%&
!'()
, and the change 
in LAI, ∆𝐿𝐴𝐼,¦º (Equation (4.1)), high sensitivity of LST to LAI does not necessarily 
imply a large change in LST, and vice versa. For example, !"#
$%&
!'()
 is large in semi-arid 
regions and/or highlands, such as in the western USA, western China, Australia, South 
Africa, and Argentina (Figure 4.3A). However, these regions have small ∆𝐿𝐴𝐼,¦º so that 
∆𝑇,




 is positive and large (Figure 4.3A), yet ∆𝑇,
-./,'()  is negligible because 
∆𝐿𝐴𝐼,¦º is small (Figure 4.3F and Figure. 4.2A). In contrast, in sub-tropical to temperate 
regions of the northern hemisphere (eastern China, India, and eastern Europe), ∆𝑇,
-./,'()  
is large (Figure 4.3F) due to the strong !"#
$%&
!'()








We split the contributions to !"#
$%&
!'()
 into different biophysical factors, including 𝛼, 
𝑟¦, 𝑟,, ε, and 𝐺 (Equation (4.1)). At the annual scale, 𝑟¦ plays a dominant role in 
regulating the biophysical impacts of Earth greening on LST, while the impacts from ε 
and 𝐺 are two to three orders of magnitude smaller than the other factors and thus 
negligible (Gu et al., 2007; Juang, Katul, Siqueira, Stoy, & Novick, 2007). The dominant 
role of 𝑟¦ is consistently observed in results diagnosed from CLM5, from a hybrid of 
CLM5, MERRA-2 and CMIP5 (Figure 4.7 and Table 4.2), and from another independent 
research using a different model (i.e., MPI-ESM) (Winckler et al., 2019). In CLM5, the 
𝑟¦ pathway dominates 82% of the global vegetated area, followed by the 𝑟, pathway 
(14.7%) and the 𝛼 pathway (3.6%) (Figure 4.8A). In terms of the areal fraction, 92% of 
the forests and 89% of OWV show that the 𝑟¦ pathway plays a more prominent role than 
𝛼 and 𝑟,, while the dominant fraction of 𝑟¦ is reduced to 73% in grasslands and 68% in 
croplands (Figure 4.8A). The increase in LAI results in a reduced aerodynamic resistance 
with a global cooling effect of −0.34 ± 0.22 K m2 m−2 (Figure 4.8B), which on average 
contributes to 77% of the variance of the total biophysical impacts on LST (section 
4.2.7). When the land is hotter and/or wetter than the atmosphere, a reduced aerodynamic 
resistance can enhance the sensible and/or latent heat transfer from the land surface to the 
atmosphere and hence cools the surface (Irmak & Mutiibwa, 2010; Kala et al., 2014; 
Sellers et al., 1997). It can also lead to a land surface warming with a reversed heat and 




the atmosphere, which is reflected in some northern high-latitude regions (Figure 4.5B). 
We stress, though, that the prominent role of 𝑟¦ does not imply a negligible role of latent 
heat flux because a change in 𝑟¦ can directly cause a change in latent heat flux (Bateni & 
Entekhabi, 2012; D. Li et al., 2019; Liao et al., 2018; Rigden & Li, 2017; Winckler et al., 
2019) (Eq. 4 in section 4.2.4). 
Table 4.2. The areal fraction of dominate factors from different models and data. 
Unit (%) CLM5 MERRA-2 MMEM ACCESS1-0 ACCESS1-3 CCSM4 HadGEM2-ES IPSL-CM5A-LR IPSL-CM5A-MR NorESM1-M 
𝛼 dominant 3.61 5.97 1.22 1.67 8.19 1.54 4.03 1.28 1.56 1.21 
𝑟¦ dominant 81.64 67.56 83.81 72.87 51.01 78.65 72.00 84.64 85.57 75.11 
𝑟, dominant 14.74 26.48 14.97 25.45 40.8 19.81 23.97 14.08 12.87 23.68 
 
 
Figure 4.8. Dominant surface biophysical factors in regulating 𝝏𝑻𝒔
𝒃𝒊𝒐
𝝏𝑳𝑨𝑰
 at the annual scale diagnosed 
from CLM5 outputs. (A) Map of dominant factors for 𝝏𝑻𝒔
𝒃𝒊𝒐
𝝏𝑳𝑨𝑰
. Orange, yellow and green represent the 
dominance of 𝜶, 𝒓𝒂, and 𝒓𝒔, respectively. The inset shows the areal fraction of dominant factors by 
biome type. (B) Attribution of 𝝏𝑻𝒔
𝒃𝒊𝒐
𝝏𝑳𝑨𝑰
 with surface biophysical factors. Results are presented in boxplot 
and the additional diamonds indicate the mean. 
The increase in LAI also has a cooling effect on LST through the 𝑟, pathway 
(−0.06 ± 0.09 K m2 m−2) (Figure 4.8B) by enhancing water vapor supply in the surface 
canopy layer (Forzieri et al., 2017; D. Li et al., 2019; Z. Zeng et al., 2017). However, 
compared to the 𝑟¦ pathway, the 𝑟, pathway plays a secondary role in our approach. In 











terms of the areal fraction, the 𝑟, pathway is most significant in 29% of croplands and 
19% of grasslands, but least in forests and other woody vegetation (8%) (Figure 4.8A). 
This is because, although 𝑟, is more sensitive to changes in LAI than 𝑟¦ (Figure 4.5, H 





) in CLM5 (Figure 4.5, 
E and F) as well as in MERRA-2 and CMIP5 (Figure 4.6, K and L). The stronger 
sensitivity of LST to changes in 𝑟¦ than 𝑟, is not inconsistent with a previous theoretical 
study (Bateni & Entekhabi, 2012) showing that evaporation efficiency (a concept similar 
to 𝑟,) is a more important parameter in controlling LST dynamics than 𝑟¦. First, their 
estimate of the importance of evaporation efficiency is for daytime and relatively moist 
conditions (Bateni & Entekhabi, 2012) while our study includes both daytime and 
nighttime as well as dry conditions at the annual scale. Second, their evaporation 
efficiency is actually dependent on both aerodynamic resistance and surface resistance 
due to the use of a different parameterization of latent heat flux (Bateni & Entekhabi, 
2012). 
The 𝛼 pathway dominates only in a few places in the Arctic and the Sahel (Figure 
4.8A). In general, the 𝛼 pathway leads to a minor warming effect of 0.04 ± 0.07 K m2 
m−2 (Figure 4.8B). The finding of albedo-related warming, especially in northern high 
altitudes, is consistent with the previous studies (Alkama & Cescatti, 2016; Bonan, 2008; 
Bright et al., 2017; Duveiller et al., 2018), but its magnitude is much smaller than the 
turbulent cooling effects from 𝑟¦ and 𝑟, (Figure 4.8). Except for evergreen forests, the 
increase in LAI reinforces the fraction of absorbed photosynthetically active radiation 




4.5, A and G). However, the increase of LAI in evergreen forests has a negligible 𝛼-
related impact due to that fPAR is almost saturated in evergreen forests (Myneni & 
Williams, 1994; Y. Tian, 2004) and that the increase of LAI enhances the reflectance in 
near-infrared radiation which elevates 𝛼 (Figure 4.5, A and G) (Gu et al., 2007; D. Huang 
et al., 2008; Juang et al., 2007). 
4.4. Discussion 
Our result is different from a previous study which reported much stronger and 
positive sensitivities especially in the northern high latitudes (Forzieri et al., 2017). 




). In contrast, our !"#
$%&
!'()
 is diagnosed using a physically-based 
attribution scheme. We apply the same regression method described in Forzieri et al. 
(2017) to calculate the sensitivity of LST to LAI based on our data (i.e., outputs from the 
CLM5 historical run) and find similar sensitivity to that presented in Forzieri et al. (2017) 







) is mostly due to their methodologies. Close inspection reveals that 
Forzieri et al. (2017) did not consider the effect of the rising air temperature on LST. In 
Forzieri et al. (2017), the interannual variability of LST is only modeled as a function of 
the interannual variabilities of solar radiation, precipitation, and LAI. As a result, the 
effect of rising air temperature on LST may be spuriously attributed to the albedo effects 
in the northern high latitudes given the strong feedbacks in these regions that link the 




sensitivity of LST to air temperature (i.e., !"#
!"Æ
) using the TRM method, which shows 
strong positive values over the northern high latitude regions (Figure 4.9). This implies 
that the LST and air temperature in these regions are strongly and positively correlated, 
and the rising air temperature inevitably leads to increased LST. The rising air 
temperature in these regions is more likely caused by the increasing atmospheric CO2 
concentration with a minor contribution from the Earth greening (Bindoff, Stott, 
AchutaRao, Allen, & Gillett, 2013; Piao et al., 2019). We conducted another multiple 
regression with the interannual variability of air temperature as an additional independent 
variable in which the new !"#
øùú
!'()
 become negative in most places albeit with a different 
magnitude compared to the TRM method (Figure 4.10), suggesting that results from the 
regression method is highly dependent on the selected “independent” variables. 
 
Figure 4.9. Sensitivity of LST to air temperature at reference height (~30 m) diagnosed by the TRM 





Figure 4.10. Sensitivity of 𝑻𝒔 to LAI estimated by the multiple regression method using CLM5 
outputs with the interannual variability of air temperature included. 
While the simulated cooling effect from the Earth greening in our study is 
consistent with another modeling study (Z. Zeng et al., 2017), our finding of the 
dominant role of aerodynamic resistance is in contrast with their conclusion that it plays a 
negligible role. The main reasons for this difference are their use of 2-m air temperature 
instead of LST, and equally importantly, the independence assumption made by any 
attribution methods using first-order Taylor series expansion. By neglecting higher-order 
and cross-order terms, these attribution methods assume that the attributing factors (such 
as 𝛼, 𝑟¦, and 𝑟, in our study) are independent of each other (Rigden & Li, 2017). In Zeng 
et al. (2017), the authors attributed changes in 2-m air temperature to changes in albedo, 
aerodynamic resistance, latent heat flux, atmospheric shortwave transmissivity, near-





latent heat flux is independent of aerodynamic resistance. Yet, the dependence of latent 
heat flux on aerodynamic resistance is evidently clear from the well-accepted 
parameterization for latent heat flux (Equation (4)) and has been demonstrated 
empirically using eddy-covariance observations from AmeriFlux (Rigden & Li, 2017). 
Their assumption of independence between latent heat flux and aerodynamic resistance 
therefore may alter the attribution results (D. Li et al., 2019). 
4.5. Concluding Remarks 
In this study, we evaluate the biophysical impacts of Earth greening on LST using 
an attribution method based on the surface energy balance equation. We find that the 
widespread Earth greening leads to a cooling effect on LST across the globe at the annual 
scale, which is predominantly attributed to the decrease in aerodynamic resistance. While 
the small perturbations in LAI tend to alter turbulent processes more than radiative 
processes globally, radiative processes remain critical in a small proportion of regions in 
the Arctic and some sparsely vegetated areas. Finally, the TRM method provides a new 
way to diagnose model outputs and can be further used to evaluate whether these 
biospheric impacts of vegetation would be amplified or hindered in future climates. If the 
Earth greening continues, the aerodynamic resistance to turbulent transfer will continue 
to decrease, resulting in stronger instabilities in the atmospheric boundary layer. In the 
meantime, surface resistance will also decrease, possibly leading to more water vapor 
into the atmosphere thus affecting the hydrologic cycle. Whether these effects will be 
detectable by observations and whether the Earth greening can affect other climatic 




CHAPTER 5: Conclusions and Future Directions 
5.1. Conclusions 
In summary, this dissertation advances our understanding of the role of terrestrial 
vegetation and its interactions with human land-use and surface climate. The presented 
research integrates satellite LAI/FPAR retrievals, analysis of long-term change of LAI 
and its drivers, and quantification of the impact of Earth greening on the surface climate. 
The main findings from Chapter 2 to Chapter 4 are summarized in detail below. 
Chapter 2 presents a method to estimate high-quality LAI and FPAR from Terra 
MAIAC BRF data using the MODIS LAI/FPAR operational algorithm. LAI and FPAR 
are key variables in many ESMs. These two parameters are operationally produced from 
Terra and Aqua MODIS BRF data. The MODIS science team has released a new version 
of the BRF product using the MAIAC algorithm from Terra and Aqua MODIS 
observations. Direct application of the operational algorithm to MAIAC BRF resulted in 
an underestimation of the MODIS Collection 6 LAI standard product by up to 10%. The 
difference was attributed to the disagreement between MAIAC and MODIS BRFs over 
the vegetation by −2% to +8% in the red spectral band, suggesting different accuracies in 
the BRF products. The operational LAI/FPAR algorithm was adjusted for uncertainties in 
the MAIAC BRF data. Its performance evaluated on a limited set of MAIAC BRF data 
from North and South America suggests an increase in spatial coverage of the best 
quality, high-precision LAI retrievals of up to 10%. Overall, MAIAC LAI and FPAR are 
consistent with the standard C6 MODIS LAI/FPAR. The increase in spatial coverage of 




compared to the C6 LAI product, with the RMSE decreasing from 0.80 LAI units (C6) 
down to 0.67 (MAIAC) and the R2 increasing from 0.69 to 0.80. The slope (intercept) of 
the satellite-derived vs. field-measured LAI regression line has changed from 0.89 (0.39) 
to 0.97 (0.25). 
Chapter 3 investigates the change of LAI since 2000 and identifies that human 
land-use management is an important driver to the observed Earth greening. Satellite data 
have shown increasing leaf area of vegetation due to direct factors (human land-use 
management) and indirect factors (such as climate change, CO2 fertilization, nitrogen 
deposition, and recovery from natural disturbances). Among these, climate change and 
CO2 fertilization effects were suggested to be the dominant drivers. However, recent 
satellite data (2000–2017) reveal a greening pattern that is strikingly prominent in China 
and India and overlaps with croplands world-wide. China alone accounts for 25% of the 
global net increase in leaf area with only 6.6% of global vegetated area. The greening in 
China is from forests (42%) and croplands (32%), but in India is mostly from croplands 
(82%) with minor contribution from forests (4.4%). China is engineering ambitious 
programs to conserve and expand forests to mitigate land degradation, air pollution, and 
climate change. Food production in China and India has increased by over 35% since 
2000 mostly owing to an increase in harvested area through multiple cropping facilitated 
by fertilizer use and surface- and/or groundwater irrigation. The results indicate that the 
direct factor is a key driver of the ‘Greening Earth’, accounting for over a third, and 
probably more, of the observed net increase in green leaf area. They highlight the need 




Chapter 4 studies the biophysical impact of Earth greening on local land surface 
temperature and identifies the important role of aerodynamic resistance in vegetation and 
atmosphere interaction. The widespread and increasing trends of LAI result in changes in 
surface biophysical properties such as albedo and aerodynamic resistance, which directly 
alter the LST. We develop a novel attribution method to disentangle the contributions of 
different biophysical factors to changes in LST from 2000 to 2014 based on remote 
sensing data and CLM5 simulations. We find that 93% of the global vegetated area 
shows negative sensitivity of LST to LAI at the annual scale, especially for the semi-arid 
woody vegetation and the human-managed croplands. Aerodynamic resistance is the 
dominant factor in controlling the biophysical impacts of the Earth greening: the increase 
of LAI produces a decrease in aerodynamic resistance, thereby favoring increased heat 
dissipation by turbulent fluxes, including the latent heat flux. Our findings are consistent 
with results diagnosed from a combination of CLM5 experiments with reanalysis data 
and fully-coupled CMIP5 models. Therefore, our method provides an effective way to 
diagnose the biophysical impacts of the Earth greening on land-atmosphere energy 
exchange. 
5.2.Future Directions 
Based on the research in this dissertation, several aspects are worth further 
investigation. In Chapter 2, an RT-based LAI/FPAR retrieval algorithm has been applied 
to MODIS MAIAC data, which improves the stability and spatial coverage of LAI/FPAR 
estimations, especially in cloudy regions. Further improvements can be made to the 




approach, which requires the prior-knowledge from the forward RT model. The current 
forward RT model employs several assumptions to simplify the parameterization. For 
example, it does not account for the hot-spot effect (i.e., strong reflectance in the 
backward illumination direction that is not considered in the forward model of MODIS 
algorithm), and it ignores the leaf specular reflectance and the effects of the complex 
terrain of mountain, snow, and canopy air. Besides, since the retrieval algorithm is 
inherently an ill-posed problem, therefore, better optimization method can be explored to 
minimize the uncertainty of retrieved LAI/FPAR. On the other hand, the retrieval of 
LAI/FPAR requires high-quality input reflectance while, in reality, bad observation 
conditions are prevalent. One promising direction is to retrieve LAI/FPAR from 
geostationary satellites, such as NASA and NOAA GOES (Geostationary Operational 
Environmental Satellite) series. Such geostationary satellites can image the Earth with a 
high spatial resolution (e.g., 500m) every several minutes; Hence they can maximize the 
valid observations, providing a new opportunity in vegetation phenology studies. In 
developing such LAI/FPAR retrieval algorithms, some work inspired by this chapter has 
been done (Y. Chen et al., 2019b). 
Chapter 3 concludes that, due to forest management and agricultural 
intensification, more than a third of the world's vegetation is showing greening trend at 
the annual scale. The greening patterns reflected in the annual average LAI could be due 
to the increase of leaf area per plant, the increase of plant density in a unit area, and the 
prolonged growing season length. It is worth disentangling these intrinsic dynamics of 




Landsat, Sentinel, and GOES). In addition, modeling studies have been performed to 
attribute the drivers of the greening (Piao et al., 2015; Zhu et al., 2016; 2017), yet models 
still need to be improved to represent the effect of human land-use management 
accurately. Finally, a substantial amount of the greening is from vulnerable monoculture 
species (e.g., plantations and agriculture). Further studies are needed to monitor the 
consequences of these monoculture species dynamics for sustainability and biodiversity 
in the ecosystem. 
Chapter 4 investigates the impacts of Earth greening on LST at the annual scale in 
the past two decades. A first follow-up question is whether vegetation biophysical 
impacts on LST would be amplified or hindered in a future climate with a coupled land-
atmosphere-ocean system. Second, as the concentration of CO2 in the atmosphere 
increases, vegetation will likely continue to become greener. Our current results suggest 
that an increase of LAI can decrease the aerodynamic resistance to turbulent transfer 
including latent heat flux. At the same time, the role of CO2 can also increase the water 
use efficiency, which results in an increased surface resistance and reduce the latent heat 
flux (Gentine et al., 2019). Hence, it is interesting to assess whether these two contrasting 
effects will lead to an increased or decreased latent heat transfer. Third, one possible 
consequence of the future Earth greening is that the aerodynamic resistance to turbulent 
transfer will continue to decrease, resulting in stronger instability of the atmospheric 
boundary layer. The connections between vegetation change and extreme weather events 
(e.g., precipitation and heatwave) remain to be investigated. Lastly, this chapter focuses 
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